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Abstract: Next-generation sequencing technologies are now
common for whole-genome, whole-exome and wholetranscriptome sequencing (RNA-seq) of tumors to identify point
mutations, structural or copy number alterations and changes in
gene expression. A substantial number of studies have already
been performed for melanoma. One study analysed eight
melanoma cell lines with RNA-Seq technology and identified 11
novel melanoma gene fusions. Whole-exome sequencing of seven
melanoma cell lines identified overlapping gain of function
mutations in MAP2K1 (MEK1) and MAP2K2 (MEK2) genes.
Integrative sequencing of cutaneous melanoma metastases using
different sequencing platforms revealed a new somatic point
mutation in HRAS and a structural rearrangement affecting

CDKN2C (a CDK4 inhibitor). These latter sequencing-based
discoveries may be used to motivate the inclusion of the affected
patients into clinical trials with specific signalling pathway
inhibitors. Taken together, we are at the beginning of an era with
new sequencing technologies providing a more comprehensive
view of cancer mutational landscapes and hereby a better
understanding of their pathogenesis. This will also open
interesting perspectives for new treatment approaches and clinical
trial designs.

Introduction

way is also activated in non-melanoma skin cancer (16). In addition to targeting mutated pathway molecules, signalling assays
may be used to support treatment decisions (17).
Together, although the pathogenic concept focussing on
BRAF, c-KIT and PTEN pathways appears to be promising in
subsets of melanomas, further search for new pathogenic mechanisms and genetic alterations is needed. In particular, the molecular mechanisms for treatment resistance and high recurrence
rates after targeted therapy with BRAF inhibitors are still enigmatic. Genetic tumor heterogeneity may be one reason for this,
which would have significant consequences for future therapeutic
approaches.

Melanoma is a malignant tumor of rapidly increasing incidence
and high metastatic potential (1). Much progress has been made
in recent years in our understanding of the genetic basis of this
tumor. Activating mutations in BRAF and NRAS oncogenes have
been identified in the majority of melanomas, and both are mutually exclusive (2,3). There is substantial evidence that improved
overall survival of melanoma patients may be achieved by treatment with recently developed specific BRAF inhibitors such as
vemurafenib, at least in patients with tumors that carry activating
BRAF V600E mutations (4,5). Although of high clinical relevance,
many of the patients (~50%) with initial treatment response to
specific BRAF inhibitors experience recurrences. Recurrences due
to BRAF inhibitor resistance may be due to secondary NRAS
mutations, overexpression of platelet-derived growth factor receptor (PDGFRb1) or alternative-spliced BRAF(V600E) variants, but
may also involve other mechanisms such as MAP3K8 (COT) and
stromal cell secretion of hepatocyte growth factor (6–11).
Moreover, c-KIT mutations are found in 2% of skin melanomas, and a significant percentage of patients with metastatic
lesions with c-KIT mutations respond to treatment with imatinib,
a multikinase inhibitor targeting c-KIT (16% durable responses
compared with 8–10% responses after classical chemotherapy)
(12,13). Phosphatase and tensin homologue (PTEN) is a protein
and lipid phosphatase that inhibits activation of Akt kinase by
negative interference with phosphoinositide 3-kinase (PI3K). Loss
of heterozygosity of the chromosomal locus of PTEN was demonstrated in up to 30% of melanomas, and approximately 10% of
melanomas have PTEN mutations (14). Interestingly, expression
of mutated BRAF together with PTEN silencing in mice induced
melanomas with 100% penetrance (15). PI3K/Akt signalling path-
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Next-generation sequencing technologies
The first next-generation sequencing (NGS) platform was released
in 2005, and a number of different methodologies and platforms
have been established and are described in detail in a series of
recent reviews (18–21). Commonly used NGS platforms are
produced by Roche, Illumina, Life/Applied Biosystems, Helicos
BioSciences and Pacific Biosciences. The major distinguishing
feature of the NGS technologies is their ability to generate many
thousands/millions sequence reads in parallel (20,22). NGS also
differs from Sanger sequencing in library/template preparation,
sequencing reaction and sequence detection, which will be described
briefly here.
For library preparation in NGS, adaptors are ligated to fragmented DNA and then amplified by PCR before being sequenced.
Two major methods are typically used to generate amplified
templates, one is emulsion PCR (23) and the other solid-phase
amplification (24). In emulsion PCR, a library of small DNA fragments is used to prepare templates which are bound to beads in a
ratio of one DNA molecule per bead (Fig. 1). Amplified DNA
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Figure 1. Examples of next-generation sequencing technologies. (a) Emulsion PCR
of a library of small DNA fragments (with a ratio of one fragment per bead) is
performed in small aqueous droplets of an oil–aqueous emulsion to generate beadbound templates for sequencing. Each beat carries a large number of specific DNA
templates which are sequenced by pyrosequencing (pyrosequencing enzymes
indicated as blue beads) for generation of the fluorescence signal. (b) Sequencing
templates may also be generated by primers covalently attached to a slide, which
bind the DNA fragments from a sample and undergo the so-called bridge
amplification. This generates clusters of identical sequences as templates for the
sequencing reaction. Sequencing is performed by cyclic reversible termination.
Symbols: Three colour bars represent sample DNA fragments with adaptors for
universal priming sites; small single-colour bars attached to the surface of small
beads (a) or a solid surface (b) represent complementary primers to adaptors.

fragments on each bead are then immobilized and sequenced.
Amplified templates may also be generated on a solid support by
covalently attached primers. Fragmented adapter-ligated DNA
molecules are bound to these primers and amplified through a
series of the so-called bridge amplifications to generate clusters of
identical sequences (e.g. Illumina), which provide templates for
the sequencing reaction (Fig. 1). Some technologies also read
single DNA sequences, which are immobilized on solid supports
and directly sequenced (25).
The sequencing reaction itself can be carried out by cyclic
reversible termination, single-nucleotide addition and real-time
sequencing, or by ligation (19). In cyclic reversible termination, as
used in the Illumina and Helicos systems, chemically modified
nucleotides are used as terminators of the sequencing reaction and
are subsequently removed for addition of the next nucleotide in
the next cycle. The HiSeq system from Illumina was launched in
2010 and provides up to 600 Gb of sequence per run (26). In the
case of sequencing by ligation, as applied in the Life Technologies/
Applied Biosystems SOLiD system, a fluorescently labelled nucleotide probe hybridizes to the DNA template adjacent to a primer
(27). The Ion PM (Personal Genome Machine) from Ion Torrent
(now Life technologies) uses semiconductor technology which
measures the release of a proton after nucleotide incorporation as
a sequencing signal (26, 28). In pyrosequencing reactions such as
those used by Roche/454, a labelled nucleotide is detected when
an inorganic pyrophosphate from the incorporated nucleotide
emits a light signal after enzymatic transformation (29). Newer
‘third-generation’ technologies recently released include that from
Pacific Biosciences (30). On this platform, DNA polymerase molecules are attached to the surface of specific detectors that analyse
signals from dye-labelled nucleotides after nucleotide extension.
Two principal features distinguish this approach: PCR amplification of the template is not required, and the signals are detected
in real-time (26). Pacific Bioscience launched Pacbio RS as a
commercial system in 2011. In nanopore sequencing (Oxford
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Nanopore Technologies), another third-generation sequencing
method, sequencing is not based on extension of a template.
Instead, DNA passes through a protein nanopore where different
bases produce different electrical signals which are measured by an
electrophysiological technique (31). So far no large-scale studies
have been published with the latter two technologies.
These NGS technologies have facilitated whole-genome, wholeexome and whole-transcriptome analyses at an unprecedented
scale. The comprehensive sequencing and analysis of cancer
genomes (32,33) including large-scale projects such as The Cancer
Genome Atlas (34), the International Cancer Genome Consortium
(35) as well as the 1000 Genomes Project have been made possible
with these technologies.

Next-generation sequencing bioinformatics and
statistics
Computational processing and statistical analysis are critical components in making sense of the vast amounts of sequence data
generated by these high-throughput platforms. A number of challenges are posed by the next-generation sequencing technologies,
and these must be overcome through the production of both the
appropriate type and the amount of sequence data, as well as
through the use of appropriate algorithms and statistical tests.
There is active, ongoing development of software for the analysis
of high-throughput sequencing data for both cancer and non-cancer applications. Most researchers choose to customize widely
applied tools to deal with the complexities of tumor samples,
which are distinguished in many ways from normal samples,
including by sample quality, sample volume, the complexity of
their genome sequences and the inclusion of non-tumor material
(36,37).
Processing pipelines differ depending on the main aims of the
analysis. In Figure S1, we present one typical analysis which seeks
to identify mutations and structural rearrangements and to quantify alterations in the expression levels of genes using transcriptome sequence data. Usually, a comparison of tumor sample/s
with matched normal sample/s is used.
Beginning with raw data produced by the sequencing instrument, the samples proceed through (i) base calling to identify as
accurately as possible the base at each position in each read and
to assign an informative base-quality score which reflects well the
confidence in the basecall (38), (ii) quality filtering to remove
adaptor sequences and low-quality reads and (iii) alignment to a
reference genome to identify the origin of the sequence read
(Fig. 2). Following this basic processing, the mutations and genomic rearrangements can be identified by comparison to the
normal sample.
A major challenge for all applications is the development of the
appropriate software that can deal with the very high number of
short sequence reads – millions to billions of reads per instrument
run – generated by these platforms. Read lengths are critical for
accurate mapping to a reference genome. Although read lengths
have increased considerably from the 30–50 nt reads initially possible with these NGS platforms, reads are still substantially shorter
(30–500 bp) than the kilobase sequences typically generated on
the Sanger platform. Further, the error rates for these technologies
are higher (10 3–10 2), which must be taken into account in
analysis and which affects the identification of polymorphisms,
particularly those present at low frequencies (39).

11

Kunz et al.

Identifying mutations
Both genome and transcriptome sequencing provide data suitable
for the identification of mutations within tumor samples. Confident variant identification requires multiple obseravtions for each
nucleotide, with current recommendations suggesting a coverage
of at least 20-fold (50). Approaches to variant calling range from
simple allele counting (51) to more advanced probabilistic
approaches such as those implemented in GATK’s Unified Genotyper (52,53) and SAMtools bcf (54). The advantage of using
approaches that implement likelihood ratio tests or Bayesian
methods is that these can be used with lower coverage data and
provide a probabilistic measure of the uncertainty associated with
each single nucleotide variant call that takes multiple samples as
well as sources of error into account.

Identifying structural variation

Figure 2. Schematic representation of next generation sequencing data analysis.
After base calling and alignment of sequences, next-generation sequencing allows
the analysis of differences in gene expression, identification of mutations and
structural alterations (variant calling) and alternative splicing of genes.

Alignment
Most analysis pipelines begin by aligning the sequence reads to
the reference human genome. Accurate and efficient mapping of
millions/billions of short reads to the human reference is crucial
for the correct identification of the genomic origin for a sequence
read as this forms the basis for all downstream analyses including
variant calling (40).
The complex combination of mutation and structural rearrangement present in cancer genomes means that alignment strategies must ensure that reads which are divergent from the
reference genome are aligned with maximal sensitivity and specificity (41). Uniqueness of a read mapping is a useful measure of
map reliability. Most short-read mappers provide a map-quality
score which reflects the probability that a given read is misplaced
in the reference genome. This map-quality score allows reads
which align to multiple alternative genomic loci to be assigned a
lower map-quality score which reflects the uncertainty about its
placement and which can be used to filter reads in order to ensure
high-quality single nucleotide variant calls. Read length and error
rate are important factors in obtaining accurate mapping, that is,
longer, error-free reads can be aligned unambiguously more easily
than short reads with a high number of mismatches to the reference. Longer reads also carry more information about structural
variation than short reads. A number of aligners have been developed that are able, to different extents, to deal with the short read
lengths and high error rates typical of high-throughput sequencing
platforms (reviewed in 41). A few of those commonly used for the
mapping of genomic reads are MAQ (42), BWA (43), Bowtie
(44), SOAP3 (45) and SHRiMP (46). Other mappers such as
SpliceMap (47), TopHat (48) and GSNAP (49) allow for the
spliced alignment of reads from whole-transcriptome sequencing
(RNA-Seq). Appropriate mapping software should be chosen with
the data type, read length and error rate in mind.
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Paired-end sequence reads from molecules of defined size are
particularly useful for the identification of structural variations
(SVs) that are often seen in tumor samples. In the simplest
approaches, reads from either end of a single molecule are
mapped to the reference genome, and reads that map to different
chromosomes or in incorrect orientations are posited to be due
to an interchromosomal rearrangement (55). A number of
approaches such as PEMer (56), BreakDancer (57), PinDel (57)
and GASV (58) allow intrachromosomal rearrangement to be
identified. These approaches infer only the approximate genomic
locations of a SV but do not allow the more precise identification
of breakpoints as is possible with CREST (59). As short reads are
less likely to be mapped uniquely in genomic regions with a high
repeat content or recent duplications, SVs involving low-complexity sequence may be under-represented in precisely the parts
of the genome most likely to carry structural variation (60).
Gene fusions, the creation of a hybrid gene due to a genomic
rearrangement, are prevalent in some cancers. Approaches to the
identification of gene fusion events in RNASeq data that make use
of the discordant alignment of paired-end reads have been
successfully applied to the identification of gene fusions in a
chronic myelogenous leukemia cell line and in prostate cancer
samples (61).

Expression profiling
High-throughput sequencing approaches to transcript quantification provide a number of advantages over array-based methods,
including the ability to assay all transcripts without prior knowledge of transcript sequences, reduced background due to elimination of cross-hybridization and probe-specific effects and an
increased dynamic range of detection allowing both low and high
expression to be more accurately quantified (62,63). A typical
approach to expression quantification begins with spliced alignment of sequence reads to the reference genome, quantification of
transcript abundance and finally detection of differential expression between tumor and matched normal samples. A widely used
software suite including the Bowtie, TopHat and Cufflinks packages (64) provides one approach to this workflow. Bowtie and
TopHat carry out the alignment of reads and splice-site discovery,
while Cufflinks assembles and quantifies transcripts and
Cuffdiff identifies differential expression between samples. For the
comparison of expression levels across genes within and
between experiments, the abundance of each gene per sample is
estimated (63).
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Insights into the melanoma genome
In the first whole-cancer-genome sequencing study, the genomes
of a melanoma cell line (COLO-829) and a lymphoblastoid cell
line (COLO-829BL) from the same patient were compared (52).
Of 292 somatic base substitutions identified in protein-coding
sequences, 187 were non-synonymous (changing the protein
code). Interestingly, the ratio of non-synonymous to synonymous
substitutions did not differ from that expected by chance and thus
provided no evidence for selection at these sites.
Regarding candidates for new cancer genes for melanoma pathogenesis, authors described two heterozygous missense mutations
in SPDEF, a member of the ETS transcription factor family. In
line with this, enhanced SPDEF expression has been described
earlier in tumor progression of prostate, breast and ovarian cancer
(65).Moreover, a missense mutation was found in MMP28, a
member of the matrix metalloproteinase gene family.
An eight to 12-fold copy number increase was observed on
chromosome 3p which harbours four genes: RARB, TOP2B,
NGLY1 and KS (OXSM). Copy number changes of these genes
have not been described in other cancers, but RARA, another
member of the retinoic receptor family, is known to be rearranged
in acute promyelocytic leukaemia (66).The majority of somatic
mutations in COLO-829 were C>T/G>A transitions, 360 of 510
dinucleotide substitutions were CC>TT/GG>AA changes. This
mutational spectrum is highly suggestive of an induction by UV
light (67). This study showed that a cancer genome may harbour
a large number of somatic mutations. However, generation of
more genome-wide catalogues of melanoma mutations is necessary
to identify common genetic variants. Table 1 gives an overview of
currently available major melanoma-sequencing studies.

RECK is a known inhibitor of tumor invasion and metastasis
(69). Interestingly, none of the fusion transcripts were present in
more than one cell line, nor in additional 90 short-term cultures
from metastatic lesions and must thus be regarded as private
(sample-specific) mutations. Overall, 12% of all transcribed genes
were sequenced in this study. On average, 130 genetic variants
were identified per sample, of which 30% might be true somatic
mutations, because 70% were also found in matched germline
DNA and may thus be regarded as single nucleotide polymorphisms (SNPs). Several of these new mutations occur in genes
previously shown to be mutated in cancer, namely A2M, CAST,
CENTD3, FUS, NUP133, SF3B1, TNFRSF14 and TRIB3. The
majority (86%) of mutations were CG > TA transitions, again
indicative of UV induction. Of note, mutations in BRAF and
NRAS, the two most commonly mutated melanoma oncogenes,
were not identified, likely due to the low abundance of the
transcripts.
In a subsequent study, the same group performed wholegenome sequencing of 25 metastatic melanomas and matched
germline DNA (70). Overall, 9653 missense, nonsense or splicesite mutations were detected in 5712 genes and on average 97
structural rearrangements per melanoma genome. Eleven genes
were found to be significantly mutated across the 25 samples,
among which were BRAF and NRAS, mutated in 16 and nine
samples, respectively. The top significantly mutated genes with
recurrent mutations included PREX2, MUC4, PRG4 and MST1. In
an extension cohort of 107 samples, a 14% mutation frequency
was found for PREX2. PREX2 (phosphatidylinositol-3,4,5-trisphosphate-dependent Rac exchange factor 2) interacts with PTEN
tumor suppressor. However, its precise function in melanoma is
not yet understood.

RB1-ITM2B, PREX2

MMP8

RNA-seq was performed for eight patient-derived melanoma
short-term cultures and two known melanoma cell lines (MeWo
and 501 Mel) (68). Overall, 11 novel heterozygous gene fusions
were identified. The tumor suppressor gene RB1 was part of one
of these gene fusions. Although its precise role in melanoma has
not been clarified up to now, RB1 is located in a region with frequent copy number losses (2). Other fusions identified in this
study such as RECK-ALX3 also involved cancer-related genes.

Automated Sanger sequencing was used in a focused mutational
analysis of the matrix metalloproteinase (MMP) protein family
(71). The human MMP family consists of 23 genes and was analysed by sequencing of PCR-amplified MMP exons in 32 individuals
with metastatic melanoma lesions. An additional set of 47 metastatic melanomas was analysed for genes which showed one or
more non-synonymous mutations. Overall, 28 non-synonymous
somatic mutations were found in eight genes present in 23% of all

SPDEF/PTEN

Table 1. Genetic aberrations found in melanoma by recent studies using automated Sanger sequencing (PCR sequencing) and next-generation sequencing (NGS)
No.

Tissue

Material

Technology

Genes with genetic aberrations

Ref.

1.
2.
3.
4.
5.
6.
7.
8.

Metastatic melanoma lesions
Metastatic melanoma lesions
Melanoma cell line COLO-829
Melanoma short-term cultures, cell lines
Metastatic melanoma lesions, cell lines
Metastatic melanoma lesions
Melanoma cell lines
Cutaneous metastases

DNA
DNA
DNA
RNA
DNA
DNA
DNA
DNA, RNA

MMP8, MMP24, MMP27, MMP28
ERBB4, FLT1, EPHA10, PDGFRA, PTK2B
BRAF, SPDEF, MMP28, RARB, TOPB2, PTEN
RB1-ITM2B, RECK-ALX3, A2M, CAST, CENTD3, FUS
BRAF, GRIN2A, TRRAP, DCC, ZNF831, TMEM132B
GRM3, GPR98, CHRM3, GRM8, LPHN2
BRAF, NRAS, MAP2K1/2, PTEN, FAT4, DSC1, LRP1B
HRAS, ELK1, CDKN2C

71
73
51
68
75
79
81
83

9.

Acral melanoma and lymph node
metastasis
Metastatic melanoma lesions
Metastatic melanoma lesions
Metastatic melanoma lesions, primary
melanomas, melanoma cell lines
Metastatic melanoma lesions, primary
melanomas,

DNA

SCAF1, WNT1, ASB9, FAT2, PTRF, RHOB, CNDP2,
DROSHA, ERCC5, LRRK1, and LRRFIP1
BRAF amplification
BRAF, NRAS, PREX2, MUC4, PRG4, MST1
BRAF, NRAS, PPP6C, RAC1, SNX31, TACC1, STK19

85

DNA
DNA
DNA

PCR sequencing
PCR sequencing
Whole-genome sequencing (NGS)
RNA-seq (NGS)
Whole-exome sequencing (NGS)
PCR sequencing
Whole-exome sequencing (NGS)
Whole-genome and whole-exome
sequencing, RNA-seq (NGS)
Whole-genome and whole-exome
sequencing (NGS)
Whole-exome sequencing (NGS)
Whole-exome sequencing (NGS)
Whole-exome sequencing (NGS)

DNA

Whole-exome sequencing (NGS)

BRAF, NRAS, p PPP6C, DCC, PTPRK, GRM3

93

10.
11.
12.
13.
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91
70
92
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melanoma samples, with a high non-synonymous to synonymous
ratio (28:5). MMP members with most frequent mutations were
MMP8 and MMP27. Authors focussed on MMP8, because of its
protective role in skin tumor development (72).
In a series of biologic experiments, tumor-derived MMP8
mutants showed less proteolytic activity for collagen I than wildtype MMP8. Moreover, cells expressing wild-type MMP8 had a
lower migration capacity than cells expressing mutant MMP8. In a
mouse metastasis model, numerous lung metastases were observed
in mice injected with MMP8 mutant cell clones, but none in mice
injected with wild-type clones. These data suggest that wild-type
MMP8 may inhibit tumor progression in melanoma while the
mutant variant promotes it.

Gene amplifications of GRIN2B and GRIN2C have been shown
in a study on seven melanoma cell lines using single nucleotide
polymorphism analysis, comparative genomic hybridization and
RNA-seq (76). Moreover, the metabotropic glutamate receptor
GRM1 has been described as an oncogene for melanoma cells
(77). Thus, glutamate receptor signalling appears to be a pathogenic pathway at least in a subset of melanomas. These findings
might be of therapeutic relevance, because glutamate receptor
antagonists have been shown in a recent report to make
melanoma cells sensitive to ionizing radiation (78).

GRM3

GRIN2A

Targeted exome sequencing was used to analyse the mutational
status of 734 G protein–coupled receptors in 11 metastatic melanoma samples (79). Overall, 755 non-synonymous mutations were
identified. Eleven genes of a total of 106 mutated genes harboured
at least two somatic mutations. These were further analysed in 80
additional melanoma samples. GRM3 and GPR98 were shown to
be most frequently mutated.
GRM3, a group 2 glutamate receptor, showed non-synonymous
mutations in 13 of 80 tumors (16.3%), and GPR98 showed nonsynonymous mutations in 22 of 80 tumors (27.5%). In an additional set of 57 melanomas, a mutational hotspot for GRM3 was
verified (p.Glu870Lys). Stably GRM3 wild-type transfected melanoma cell clones were growing at significant lower rate than
mutant clones. Activation of GRM3 by DCG-IV (a carboxylic
derivative of non-selective glutamate receptor agonists) led to
enhanced activity of MEK1/2 in mutant melanoma cell clones
compared with wild-type cells. Moreover, introduction of mutant
GRM3 enhanced migration of melanoma cell-line A375 and transformed melanocytic cell-line Mel-STR. NOD/SCID mice injected
with melanoma cells expressing vector alone developed a significant lower number of gross lung metastases than mice injected
with cells expressing mutant GRM3 variants, although the total
number of metastases was not different. Moreover, GRM3 knockdown reduced tumor growth in subcutaneously injected mice with
melanoma cell clones harbouring mutant GRM3.
Finally, mutant cells were shown to be more sensitive than
wild-type cells to growth inhibition by AZD-6244 (selumitinib), a
small molecule inhibitor against MEK1/2. Thus, targeting of
MEK1/2 signalling in the presence of GRM3 mutations might be a
promising strategy for the treatment of metastatic disease (80).

In a more recent study, whole-exome sequencing was performed
in 14 metastatic melanoma samples (72, 75). Overall, 4226 putative somatic alterations after quality filtering were identified. Of
these alterations, 2813 were non-synonymous. Again, a majority
(59 of 116) of dinucleotide substitutions were CC>TT/GG>AA
changes, suggestive for UV-induced alterations.
Besides the well-known BRAF V600G alteration found in seven
of 14 samples, nine additional genes had recurrent mutations.
Among these was TRRAP, which encodes a transformation/transcription domain-associated protein. GRIN2A was mutated in six
of the 14 melanomas in the discovery screen and showed an additional 11 somatic mutations in a prevalence screen. In total, 34
distinct GRIN2A mutations were identified in 135 samples
(25.2%). Thus, GRIN2A was the highest mutated gene in this
screen. GRIN2A encodes for glutamate (N-methyl-(D)-aspartic
acid (NMDA)) receptor subunit of an ionotropic glutamate
receptor.

Whole-exome sequencing of a set of seven melanoma cell lines
from metastatic lesions identified 3611 somatic variants in
protein-coding regions of 2586 genes (81). Again, the majority of
mutations were C>T/G>A transitions, indicative of UV damage–
induced lesions. The exomes of two cell-line patients were derived
from a regional lymph node and a distant metastatic site, respectively, of the same patient. The first one was excised 3 years and
the second one 15 years after diagnosis. More than 70% of the
mutations overlapped between both samples, suggestive of a common tumor origin of both metastases and the occurrence of mutations early in tumor progression.
All samples analysed harboured mutations in the RAS–
RAF–MAPK pathway. As determined by single cell analysis, BRAF
mutations were present in the same cells as MAP2K1 or MAP2K2
mutations. MAP2K1-, MAP2K2-, BRAF- and NRAS-coding
sequences were analysed in 127 additional melanoma samples.

ERBB4
Prickett et al. (73) performed a focused mutational analysis by
automated Sanger sequencing of protein tyrosine kinases, a gene
family frequently mutated in cancers. The coding exons of the
kinase domains of all 86 members of this gene superfamily were
sequenced in 29 metastatic melanomas (72). Nineteen genes were
identified containing a total of 30 somatic mutations. In accordance with UV patterns described previously, the number of C>T
mutations was significantly higher than the number of other
nucleotide substitutions.
ERBB4 was the most highly mutated. It harboured 24 somatic
mutations in 19% of all samples. Mutated ERBB4 variants transfected into HEK 293T cells had higher kinase activity than the
wild-type variant. Moreover, ERBB4 mutants had a stronger transforming capacity for NIH 3T3 cells than wild-type ERBB4 and
were similar in their potency to oncogenic K-RAS (G12V).
Knockdown of ERBB4 with short hairpin (shRNA) showed that
targeting of ERBB4 in wild-type cells had only slight effects on
proliferation, but targeting of ERBB4 in cells expressing mutant
ERBB4 significantly reduced their growth. These findings suggest
that mutant ERBB4 seems to be indispensible for the growth of
melanomas harbouring these mutations. Treatment of melanoma
cells with lapatinib (GW2016), a pan-ERBB pharmacological
inhibitor (74), significantly reduced cell proliferation of ERBB4
mutant cells but not of wild-type cells. Thus, ERBB4 appears to
be an interesting therapeutic target for specific small-molecule
inhibitors, at least in cases with ERBB4 mutations.
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Overall, 10 of 127 melanomas (8%) had mutations in either
MAP2K1 or MAP2K2.
MAP2K1 mutants transfected into HEK293T cells showed
significant ERK1/3 phosphorylation, while no phosphorylation was
observed with the wild-type kinase, indicating that the mutants
are constitutively active. Moreover, cells with MAP2K2 E207K
mutation were more resistant to MAP2K1/2 (MEK1/2) inhibitor
AZD6244 than cells carrying only the BRAF V600G mutation.
Together, MAP2K1 and MAP2K2 mutations might have treatment
implications for melanoma regarding combined treatment with
BRAF V600E inhibitors (82).

HRAS

A set of different methodologies (termed integrative sequencing)
was used in a recent patient study including one patient with
metastatic melanoma (83). This study was performed to explore the
applicability of high-throughput sequencing in clinical oncology for
rational treatment decisions. Whole-genome sequencing of the
tumor, targeted whole-exome sequencing of tumor and normal DNA
and transcriptome sequencing (RNA-Seq) of the tumor were performed. A multidisciplinary Sequencing Tumor Board combined clinical and sequencing information to decide about treatment options.
Sequencing of punch biopsies from four melanoma skin
metastases identified an activating mutation of HRAS Q61L, a
point mutation in the ETS transcription factor family member
ELK1 R74C and an inactivating rearrangement of cyclin-dependent
kinase inhibitor 2c (CDKN2C or p18INK4C), which were chosen
to decide about treatment options. Interestingly, mutations were
not observed in BRAF, c-KIT or NRAS. HRAS was regarded as the
most promising target, because RAS signalling leads to
RAF-MAPK and PI3K-mTOR pathway activation, and there are a
number of ongoing clinical trials for MEK (MAP2K1/2), PI3K and
mTOR (84). This patient was regarded as a good candidate for an
upcoming clinical trial with combined treatment of PI3K and
MEK inhibitors (www.clinicaltrials.gov; NCT01363232).

WNT1
Whole-genome sequencing was used to characterize somatic mutations in a primary acral melanoma and a concurrent lymph node
metastasis after microdissection of tumor cells (85). A non-synonymous mutation in the SCAF1 gene was found in the primary
tumor but not the metastasis, and a non-synonymous mutation in
WNT1 and a point mutation in a splice site of SUPT5H were
present in the metastasis but not the primary tumor. While
WNT1 signalling is known to play a role in melanoma pathogenesis
(86), SUPT5H, a regulator of transcriptional elongation, has not
yet been described in this tumor.
Some of the genes found to be mutated in both tumor samples
were regarded as potentially relevant for melanoma, such as ASB9,
FAT2, PTRF, RHOB, CNDP2, DROSHA, ERCC5, LRRK1 and
LRRFIP1, because they had already been linked to other cancers.
Some, such as KSR1 (kinase suppressor of Ras 1), PREX2
(exchange factor in PI3K signalling) and MFI2 (melanotransferrin), had been linked to melanoma in earlier reports (87–90).
Again, 60% of mutations were C>T transitions and thus reminiscent of UV damage–induced changes.

BRAF
The mechanisms of resistance of metastatic melanoma to
BRAF inhibitor vemurafenib were addressed in a recent study
performing exome sequencing on two matched pairs of baseline
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and disease progression samples (91). Interestingly, these pairs
showed BRAF V600E copy number gains. Subsequent focussed
analysis in a set of 20 samples identified further two samples with
BRAF V600E copy number gains.
Generation of seven vemurafenib-resistant melanoma cell lines
in vitro provided one cell line with an increased copy number of
the BRAF V600E gene. This cell line showed elevated levels of
phospho-ERK and was highly resistant to BRAF(V600E) inhibition. Similarly, overexpression of BRAF(V600E) using viral gene
constructs conferred vemurafenib resistance to another cell line at
concentrations up to 1 lM, but resistance could partly be overcome at a concentration of 10 lM. Addition of MEK inhibitor
AZD6244 (selumetinib) could restore sensitivity. A combination
of BRAF and MEK inhibitor treatment worked synergistically.
Together, these findings might provide a rationale for a dose escalation of vemurafenib in patients with acquired BRAF amplifications or for combination therapies with MEK1/2 inhibitors.

RAC1, PPPC6C, STK19
In a very recent study, whole-exome sequencing for 121 melanoma samples was performed (15 primary tumors, 30 metastatic
samples and 76 short-term cultures from metastatic lesions) (92).
Authors used a statistical approach that supported the identification of positively selected gene mutations based on the distribution of exon/intron mutations, together with an analysis of the
functional impact of these mutations. Among eleven genes found
by this approach were the known melanoma genes BRAF, NRAS,
PTEN, TP53, p16INK4a and MAP2K1 and five new candidates
(PPP6C, RAC1, SNX31, TACC1 and STK19). Three of the new
candidates (RAC1, PPP6C and STK19) harboured recurrent
mutations. PPP6C encodes for a subunit of a protein phosphatase
complex and has been described as a tumor suppressor. STK19 is
a predicted kinase with an as yet unknown function. RAC1, a
RAS-related member of the Rho subfamily of GTPases, showed
the most frequent recurrent mutation after BRAF and NRAS
(RAC1 P29S 5% of all cases). RAC1 is known to be involved in
cytoskeleton rearrangement. The RAC1 P29S mutation was also
identified in another recent study on 147 melanoma samples,
again as the most frequent recurrent mutation after BRAF and
NRAS (9.2% of sun-exposed melanomas and 4.7% of all tumors)
(93). Functional experiments showed that this mutation enhanced
binding activity of RAC1 to downstream effectors such as PAK1
and MLK3 and melanocyte proliferation and migration.

Intratumor heterogeneity
Intratumor heterogeneity was analysed in spatially separated samples obtained from four primary renal carcinomas and associated
metastases (94). For two of the four patients, whole-exome
sequencing was performed.
In the first patient, a total of 128 mutations were found in nine
different regions of the primary tumor and in three metastatic
lesions. These were subdivided into 40 ubiquitous mutations
(shared by all specimens), 59 mutations shared by several but not
all regions of the primary tumor and 29 mutations that were
unique to specific regions (private mutations). Authors constructed a phylogenetic tree of the tumor regions and metastases
(95). Interestingly, this analysis did not reveal a linear tumor
evolution but rather showed branching with one branch of the
tree that led into clones present in metastatic sites and the other
that led into primary tumor regions.
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Multiregion exome sequencing was also performed for the
primary tumor and a metastasis from patient 2. Samples from
patient 2 showed a total of 119 mutations, 36 of which were
shared between all samples (ubiquitous mutations). Only four of
the total of 30 samples from the four patients of this study had
identical allelic imbalance profiles.
Taken together, this study demonstrated significant genetic
intratumor heterogeneity. The mutation pattern given by a single
tumor biopsy may thus be misleading regarding treatment
decisions for targeted therapy. Genetic hetereogeneity may also
support tumor recurrences.

Conclusions
There are a number of pros and cons for each sequencing platform, and with the emergence of technologies such as PacBio RS
and Oxford Nanopore, which have not yet been used in larger
studies, it is likely that the selection of the ideal platform will continue to change for some time. At present, cost and throughput
considerations favour the use of the Illumina HiSeq and Life/
SOLiD technologies for larger-scale projects. Automated Sanger
sequencing is highly accurate (99.999%) and may have its place in
small-scale analyses in the range of kilobases to megabases. A critical issue is the amount of DNA/RNA material needed, which is
normally 2–5 lg for most NGS technologies. This may drop to
100 ng, when amplification protocols are used (96). However,
with the disadvantage that PCR amplification has a small but
significant error rate.
There is great variability in data output per run in NGS with a
maximum of 600 Gb per run for HiSeq, although other systems
such as SOLiD5500xl are improving this aspect. A major issue are
costs per base, currently 20-fold higher for the 454 GS FLX than
for HiSeq and SOLiD5500xl. However, the 454 system provides
significantly longer reads (1000 bp) compared with HiSeq and
SOLiD5500 systems (150–250 bp). Short reads can make the final
assembly or the mapping process more difficult. Sequencing accuracy varies between 98% (HiSeq), 99.9% (454 GS FLX), and
99.999% for Sanger sequencing.
Recently developed desktop-sequencing systems MiSeq
(Illumina), Ion Torrent PGM (Life Technologies) and 454 GS
Junior (Roche) are small in size, have high throughput but limited
amounts of data per run (28). These will be used for small

genomes (such as bacterial genomes), clone or amplicon checking,
but may also be of interest for cancer mutation analysis, for example, for sequencing of mutational hotspots (97,98).
In contrast to exon and whole-genome or exome sequencing,
RNA-Seq provides information about gene expression levels and
splicing variants. But genetic aberrations such as mutations in
low-abundance genes may be missed (64). On the other hand,
exon and whole-genome sequencing do not provide the information whether a mutated gene is indeed expressed. The choice of
an appropriate system must be based on the individual scientific
or clinical question.
The described sequencing approaches have made possible many
advances regarding the genetic basis of melanoma, some of which
will surely translate into new treatment approaches or new designs
of clinical trials. For example, ERBB4, GRIN2A and MAP2K1/2
identified in these studies are promising targets for new treatment
approaches. However, some important issues have to be
addressed. As many studies relied on a limited number of cell
lines, short-term cultures or metastatic tumors from different
locations, larger studies and studies with more homogeneous
tumor material are needed. Moreover, the increased throughput
made possible by NGS approaches revealed an unexpected heterogeneity, often with little overlap of genetic variations between
samples. This is complicated by the fact that a single tumor may
even have different mutational landscapes in different areas (94).
A major challenge will also be the identification of genetic
differences between treatment responsiveness and treatment
resistance of tumors after recurrence.
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