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The mutation spectrum revealed by paired genome
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Lung cancer is the leading cause of cancer-related mortality world-
wide, with non-small-cell lung carcinomas in smokers being the
predominant form of the disease'. Although previous studies have
identified important common somatic mutations in lung cancers,
they have primarily focused on a limited set of genes and have thus
provided a constrained view of the mutational spectrum®®. Recent
cancer sequencing efforts have used next-generation sequencing
technologies to provide a genome-wide view of mutations in leuk-
aemia, breast cancer and cancer cell lines’ . Here we present the
complete sequences of a primary lung tumour (60X coverage) and
adjacent normal tissue (46X ). Comparing the two genomes, we
identify a wide variety of somatic variations, including >50,000
high-confidence single nucleotide variants. We validated 530 so-
matic single nucleotide variants in this tumour, including one in
the KRAS proto-oncogene and 391 others in coding regions, as well
as 43 large-scale structural variations. These constitute a large set of
new somatic mutations and yield an estimated 17.7 per megabase
genome-wide somatic mutation rate. Notably, we observe a distinct
pattern of selection against mutations within expressed genes com-
pared to non-expressed genes and in promoter regions up to 5 kilo-
bases upstream of all protein-coding genes. Furthermore, we
observe a higher rate of amino acid-changing mutations in kinase
genes. We present a comprehensive view of somatic alterations in a
single lung tumour, and provide the first evidence, to our know-
ledge, of distinct selective pressures present within the tumour
environment.

Most lung cancer cases occur in patients with a history of smok-
ing". A non-small-cell lung cancer from a 51-year-old male
Caucasian who reported smoking an average of 25 cigarettes per
day for 15 years before tumour excision was used in this study. The
tumour was characterized by pathology as a poorly differentiated
sample with 95% tumour content and focal gland formation, and
was TTF1-positive, KRT5-negative by immunohistochemistry, all of
which supports a diagnosis of adenocarcinoma'>'® (Supplementary
Section 1). Substantial data now suggest that smoking-related lung
cancer develops through the step-wise accrual of genetic lesions that
increase in frequency and size through the progression from cellular
hyperplasia to frank malignancy. As such, there are several well-
defined genomic alterations that occur with significant frequency
in smoking-related non-small-cell lung carcinoma including allele
and copy number losses in 3p, 5q, 6q, 8p, 15q, 17p and 18q, as well
as gains in 1q, 8p and Xq>"". We used a single nucleotide polymor-
phism (SNP) array and comparative genomic hybridization (CGH)

to identify genomic regions containing allelic imbalance, loss of
heterozygosity and copy number variants (Supplementary Section 2).
The overall pattern of large copy number alteration seen in this tumour
sample (Fig. 1 and Supplementary Section 2) is consistent with these
well described alterations, as well as many of those found recently®.
Examples include copy number loss of TP53 (Supplementary Fig. 1),
DR4and DR5 (also called TNFRSF10A and TNFRSF10B, respectively),
gains of CDK4 and KRAS (Supplementary Fig. 2), and copy-neutral
loss of heterozygosity of chromosome 13 including RBI (Supplemen-
tary Fig. 3). Thus, this tumour sample bears many of the hallmark copy
number alterations commonly found in smoking-associated lung
cancer.

Sequencing of the samples was performed using unchained com-
binatorial probe anchor ligation (cPAL) chemistry on arrays of self-
assembling DNA nanoballs (DNBs)'® (Supplementary Section 3),
resulting in a total of 171.25 gigabases (Gb) of mapped sequence
(60X average coverage) for the tumour sample and 131.3 Gb (46X
coverage) for the matched normal (Table 1). Reads were aligned to
the reference genome (National Center for Biotechnology Informa-
tion (NCBI) Build 36) and variants were called and scored using a
local de novo assembly approach'®. High variant call accuracy was
confirmed by genotyping (Supplementary Section 2). Regions that
could not be called in one or both genomes accounted for 12.86% of
the total reference genome and 8.4% of protein-coding regions. We
identified widespread somatic variations throughout the genome and
on all scales (Fig. 1), including point mutations (Supplementary
Tables 1 and 2), small insertions and deletions (Supplementary
Section 4, Supplementary Fig. 4 and Supplementary Table 3) and
somatic structural variations (Supplementary Table 4). Examina-
tion of sequence read coverage confirmed gains of KRAS and
CDK4 as well as loss of TP53 (Supplementary Fig. 5).

Single-nucleotide variants (SNVs) were called independently for
both the tumour and the normal genomes and filtered to obtain over
83,000 candidate new somatic mutations (Supplementary Section 3 and
Supplementary Fig. 6). These include 540 candidate non-synonymous
mutations and 195 synonymous mutations in the protein-coding
regions of the genome. Using nucleic acid mass spectrometry we were
able to validate 70% of the predicted protein-coding region changes
including 302 (of 418 tested) non-synonymous and 90 (of 143 tested)
synonymous mutations (Supplementary Tables 1 and 2). A large frac-
tion of the candidate SNVs that were not validated were only partially
called in the normal sample or were possibly a result of low frequency in
the tumour (Supplementary Section 3). Comparing our results to those
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Figure 1| The genomic landscape of somatic alterations. a—d, Various
types of genomic profiles of the adenocarcinoma sample in this study.
a, Experimentally confirmed somatic structural variations. Red lines
indicate interchromosomal structural variations whereas blue lines
represent intrachromosomal structural variations. b, Regions of loss of
heterozygosity and allelic imbalance are in green and were based on the

from sequencing surveys performed previously>'**, we found KRAS
Gly12Cys to be the only previously known mutation, although we
identified new non-synonymous mutations in 13 genes previously
observed to be mutated in a large-scale study of lung adenocarcinoma,
including frequently mutated genes LRP1B and NFI (Supplementary
Table 1)°. Protein sequence analysis using bioinformatic tools was also
used to evaluate the potential effect of the validated somatic variations
(Supplementary Section 5 and Supplementary Table 1). Through the
use of several different computational methods, this approach showed
that somatic mutations as a group have a significantly different score
distribution compared to germline variations and are thus more likely
to affect function (Supplementary Fig. 7). Notable among the somatic
alterations in protein-coding genes is the Asp194His change in NEK9

Table 1| Sequence coverage summary for normal and tumour genomes

Normal Tumour
Mapped sequence (Gb) 131.30 171.25
Average haploid coverage 46X 60X
Per cent of genome covered 99.4 99.2
Per cent of genome with 10X or greater coverage 92.0 91.1
Per cent of genome called 91.1 89.1
SNVs 2,952,347 2,720,041

Coverage percentage and variations are with respect to NCBI Build 36 of the human genome
reference assembly.
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Affymetrix SNP 6.0 array data. ¢, Copy number profiles were derived from
the Agilent array data with red indicating copy number gain and blue
representing copy number loss (scale range: 0 to 4 copies). d, Each red dot
represents the number of high-confidence somatic SNVs in a 1 Mb window.
This figure was created using the Circos program®.

that is located within a frequently mutated region in the protein kinase
domains (Asp-Phe-Gly motif). The Asp residues in the analogous loca-
tion in other protein kinases are frequently mutated in many diseases
(Supplementary Fig. 8). Interestingly, a previous study of lung car-
cinoma samples also identified a mutation in NEKY, although not in
the same position®. Furthermore, several genes with multiple protein-
altering mutations were identified within this sample, including four
distinct non-synonymous somatic mutations in MUCI6, a known
ovarian cancer antigen'’.

We then tested a further 231 non-coding SNVs (Supplementary
Table 2) to estimate the sensitivity of our method. We developed a
score for each mutation that represents its likelihood to be a true
somatic variation (Supplementary Section 6) and set a cutoff score
that provided 90% precision and 82% sensitivity among the set of
validated mutations. Further genome-wide analysis was performed
with the set of 50,675 high-confidence mutations that exceeded this
score threshold (Supplementary Table 5).

The composition of somatic variations in this sample is distinct
from that of germline variations. Across the entire genome, somatic
variations occurred predominantly at GeC base pairs (78%), the
most prevalent changes being GeC— TeA transversions (46%). A
similar pattern was previously observed in a small-cell lung cancer
cell line". We find that this enrichment for GeC — TeA transversions
is a genome-wide trend for somatic variations and forms a sharp
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contrast to germline variations, where AeT — Ge¢C and GeC— AT
transitions account for 69% of the variations (Fig. 2a). This direct
comparison between germline and somatic variations underscores a
strong influence of smoking-related DNA damage'. Furthermore,
GeC— CeG somatic changes are strongly enriched at GpA/TpC
dinucleotides, with A accounting for 52% of the nucleotides after
G— C variations. This dinucleotide mutational preference, also
observed in coding regions across many cancer types®, is not observed
in the germline collection (chi-squared test, P<<1X 10~ '% Sup-
plementary Fig. 9).

Previous studies have estimated a wide range of mutation rates in
lung tumours, but those estimates are primarily based on mutations
observed within subsets of protein-coding genes>. The 50,675 high-
confidence somatic SNVs in this sample translate into an approxi-
mate rate of 17.7 mutations per megabase (Mb) throughout the
genome. A previous study sequenced 623 genes in 188 lung tumours
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Figure 2 | Somatic single-nucleotide mutation trends and patterns.

a, Somatic mutations are primarily GeC— T¢A transversions. Distribution
of specific nucleotide changes among germline and somatic variations in the
lung genome. GeC — TeA transversions account for 46% of high-confidence
somatic mutations, whereas most germline variations are A*T — G*C or
GeC— A°T transitions. b, Expressed genes have a lower mutation rate than
non-expressed genes. Genes that are expressed in the tumour sample, as
determined by microarray data, have a mutation rate of 8.3 per Mb
(including introns and 3’ and 5" UTRs) that is substantially lower than the
mutation rate of 17.5 per Mb observed in unexpressed genes. Mutation rates
in transcribed strands (pink bars) are lower than those in non-transcribed
strands (blue bars). ¢, Promoters are depleted for somatic mutations. To
obtain the mutation rates in the promoter regions, we examined the 50,675
high-confidence somatic variations and the same number of randomly
selected germline and simulated mutations, and calculated the number of
variations per Mb in the regions immediately upstream of transcription start
sites. In regions up to 5 kb upstream of transcription start sites, there are
significantly fewer somatic mutations than germline variations or random
variations. Error bars represent standard deviation of the mutation rates
from 1,000 random samplings.
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and observed up to 49 mutations in a single smoker sample whereas
non-smokers had fewer than five mutations®. We identified 17 muta-
tions in our sample in the same set of genes, placing our sample
within the range of previously observed lung-tumour mutation rates.

The distribution of somatic mutations in the genome is highly non-
uniform, as protein-coding exons have a substantially lower rate of
12.5 per Mb (P=7 X 10~ "?). Furthermore, we found that expressed
genes were much less likely to have non-synonymous mutations
(P=2.2X 107, Fisher’s exact test; Supplementary Fig. 10) and the
set of expressed genes has a much lower mutation rate of 8.3 per Mb
(including introns and untranslated regions (UTRs)). Genes that are
not expressed, on the other hand, are mutated in a manner similar to
the genome-wide average (Fig. 2b and Supplementary Section 7). The
transcribed strand has recently been shown to have lower rates of
mutation compared to the non-transcribed strand in a small-cell
cancer cell line'>. We observe a similar trend in our sample (Sup-
plementary Fig. 11), with a much more pronounced strand bias in
expressed genes (Fig. 2b). This is consistent with the pattern that would
result from transcription-coupled DNA repair processes. The ratio of
overall non-synonymous substitution rate (K,) to synonymous sub-
stitution rate (Kj) in this sample is 0.97, suggesting that most muta-
tions are ‘passengers’. However, we observe a significantly lower K,/K
ratio in expressed genes compared to non-expressed genes (0.81 versus
1.26), suggesting selective pressure against protein-altering mutations
in expressed genes. In contrast, within the kinase genes we observed
ten non-synonymous mutations and only a single synonymous
mutation, resulting in a high K,/K; ratio. This indicates a potential
selective advantage for non-synonymous mutations in kinases.

Looking beyond protein-coding regions of the genome, we identified
somatic variations in four RNA genes (tRNATyr-GTA, MIR59S,
SNORDI2C and SNORA74B), 397 variations in 331 pseudogenes,
649 variations in conserved transcription factor binding sites, and none
in predicted microRNA target sites (Supplementary Section 6). We
observed substantially lower mutation rates in regions immediately
upstream from transcription start sites (Fig. 2c). Within 2 kilobases (kb)
upstream of transcription start sites, the mutation rate is 10.5 per Mb,
40% lower than the genome-wide average (P<<1X 107 '°, Fisher’s
exact test). These regions have higher GC content (mean = 49.3%,
compared with 40.9% for the entire genome), but even after accounting
for the coverage effects of GC content we still observed a significantly
lower somatic mutation rate in the regions upstream from transcription
start sites (Supplementary Fig. 12). This suggests that these regions are
also under purifying selection similar to exonic sequence, possibly due
to their important role in regulating transcription. This observation in
combination with the lower mutation rates observed in protein-coding
and expressed genes is indicative of global selective pressures against
alterations in specific genomic regions.

Recurrent genomic rearrangements are characteristic features of
many human cancers*®'’. Gene translocations, such as EML4—
ALK, have been shown to be prevalent in non-small-cell lung cancer*
as well as a range of other cancer types®’. We utilized the mate-
paired nature of the sequence library to identify potential large-scale
structural variations (see Supplementary Section 8 and Supplemen-
tary Fig. 13 for details). This analysis resulted in 344 putative structural
variations, 79 of which were not present with the required coverage in
the normal sample and were therefore designated as somatic candi-
dates. To validate these predicted somatic structural variations, we
amplified (by polymerase chain reaction (PCR)) and sequenced the
65 cases that had sufficiently unique sequences within their read
cluster regions for PCR primer design (Supplementary Section 9
and Supplementary Table 6). These sequences were then mapped to
the reference genome to confirm the breakpoints at single nucleotide
resolution (Supplementary Section 9). Of these 65 cases, 43 (66%)
were found to be somatic changes owing to their strong and specific
PCR products in the tumour sample but not in the matched normal
sample (Supplementary Fig. 14 and Supplementary Table 4).
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We further validated two somatic cases by fluorescence in situ
hybridization (FISH; Supplementary Section 9). The FISH results con-
firmed a large somatic inversion on chromosome 15 in the region
15q21.1-15q21.3 (spanning ~12Mb between genes B2M and
TCF12; Supplementary Figs 15 and 16) and an interchromosomal
translocation between 4q32.1 and 9p13.2 (Supplementary Fig. 17).
The 15q21.1-15q21.3 inversion was found in 40% of examined
tumour cells whereas the 4q32.1 and 9p13.2 translocation was found
in 67% of tumour cells. Among 43 validated somatic structural varia-
tions, 27 cases have at least one breakpoint mapped to a genic region
(Supplementary Table 4). The functional consequences of these
require further investigation, but the sizable quantity of alterations
with neither end mapping to a genic region leads us to speculate that
many are passenger alterations. Most of the breakpoints map to
regions close to DNA copy number alteration boundaries (Fig. 1),
suggesting an underlying connection between these structural changes.

Until recently, it has not been possible to interrogate the complete
mutational spectrum of a tumour. Thus, it has been difficult to
interpret how the various changes within a single tumour may work
together to fulfil the hallmark traits of the malignant phenotype. Our
results show that lung cancers can harbour large numbers of new
mutations from the single-nucleotide level up to chromosome-
scale alterations. Indeed, we found that at least eight genes in the
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Figure 3 | A model for how the multiplicity of mutations within the MAPK
cascade may act together to drive constitutive pro-growth signalling. Red
shapes indicate amplification, purple ovals indicate loss of heterozygosity
and/or deletion, black stars indicate mutation, grey ovals indicate no
detected changes. The tumour harbours an activating point mutation in
KRAS as well as copy number gains in KRAS and EGFR. Furthermore, there
are high-level copy number gains of SHC1, GRB2, SOS, ARAF, MAP3K3 and
ELK1, suggesting that there are at least eight potentially activating genetic
lesions within this particular pathway*. MAP3K3 (not displayed in the
figure) can act as a branch point between MAPK and SAPK signalling. This
tumour exhibits multiple activating signals via high-level copy number gains
within the p38 pathway including MKK®6 and p38 itself. Also, there is a point
mutation in DUSP22, a negative regulator of p38 signalling. ERK and p38
directly affect the transition from G1 to S phase by transcriptionally
activating MYC and MAX, which regulate cyclin D2 (CCND?2) transcription.
The p38 cascade activates NFKB, which also activates CCND2 transcription.
This tumour harbours a potentially inactivating mutation in NFKBIA,
which normally prevents NF-kB from entering the nucleus. Active p38 signal
transduction plus loss of NFKBIA could lead to aberrant activation of
CCND?2 transcription via MYC/MAX and NF-«B. Furthermore, activated
ELK1 (via MAPK) leads to transcription of FOS. MYC/MAX and FOS/JUN
(AP1) collaborate to transcribe CDK4. Cyclin D2 binds to and activates
CDK4, a complex regulated by the cyclin-dependent kinase inhibitor 4A
(p16). This sample showed copy number losses on 9p21, which contains the
tumour suppressor gene p16. Thus, this tumour has multiple activating and
inactivating hits that may drive oncogenic signal transduction through
MAPK and related pathways, thereby overwhelming the G1/S cell cycle
checkpoint and leading to unregulated cellular proliferation.
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EGFR-RAS-RAF-MEK-ERK pathway were either mutated or amp-
lified in this tumour (Fig. 3), and other cancer-related pathways also
harbour multiple mutations (Supplementary Table 7 and Sup-
plementary Section 10). These data suggest that genetically complex
tumours may contain a multiplicity of partially redundant mutations,
perhaps in distinct clonal populations within the heterogeneous
tumour, rather than being addicted to single oncogenes, and thus
may be more difficult to treat. The observed mutation landscape was
probably shaped by many different processes, including how the muta-
tions were originally generated, how they were affected by DNA repair
mechanisms and how they were selected during tumour evolution.
Selection could be acting in two directions: retaining mutations that
will benefit tumour growth while also limiting mutations in key func-
tional regions of the genome, such as promoters and expressed genes.
This systematic comparison between a primary tumour and its
matched normal genome gives a global view of the various forces
shaping the complex mutation landscape of a solid tumour. A recent
study examined the whole genome sequence of a small-cell lung
cancer cell line and observed similar results, although with roughly
half the number of total mutations'. Cell lines have the benefit of
being a relatively pure population of clonal cells and thus represent a
particular snapshot of cancers. Tumour sample studies, on the other
hand, can provide a holistic view of the original disease, albeit with
technical challenges associated with cell population heterogeneity. Our
study and other individual cancer genomes have shown general muta-
tional trends, but identification of recurrent driver mutations will
require the sequencing of many more samples. Combining complete
genome sequences of cancer cell lines with whole tumours or tumour
sub-regions from a large number of patients will be needed to demon-
strate the multifaceted nature of genetic changes leading to tumori-
genesis. Such a broadened view may provide new opportunities for
cancer classification and biomarker selection.

METHODS SUMMARY

Tissue samples were isolated from the patient and characterized by pathology.
DNA and RNA were prepared as described in Supplementary Section 1. Sample
ploidy was assayed using commercially available centrosomal FISH probes for
chromosomes 1, 8, 11, 13, 16, 17, 21 and 22 as described in Supplementary
Section 1. Chromosome copy number analysis was assayed on Agilent Human
Genome CGH 244A microarrays with standard protocols. Further allele-specific
copy number analysis and SNP genotyping was performed on the Affymetrix
SNP 6.0 platform. Copy number and SNP genotyping microarray analysis details
are described in Supplementary Section 2. Gene expression was assayed on
Affymetrix HU-133 Plus 2.0 GeneChips. Library preparation, sequencing and
variation calling were performed as described in Supplementary Section 3 and
ref. 18.

Validation of candidate SNVs was performed using the Sequenom
MassARRAY platform with standard protocols (Supplementary Section 3).
Structural variations were validated by PCR and Sanger sequencing (Supplemen-
tary Section 9). Further validation of two specific structural variations was per-
formed by FISH using bacterial artificial chromosome (BAC)-based probes
(Supplementary Section 9).
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