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Cancer whole-genome sequencing: present and future

H Nakagawa, CP Wardell, M Furuta, H Taniguchi and A Fujimoto

Recent explosive advances in next-generation sequencing technology and computational approaches to massive data enable us to
analyze a number of cancer genome profiles by whole-genome sequencing (WGS). To explore cancer genomic alterations and their
diversity comprehensively, global and local cancer genome-sequencing projects, including ICGC and TCGA, have been analyzing
many types of cancer genomes mainly by exome sequencing. However, there is limited information on somatic mutations in non-
coding regions including untranslated regions, introns, regulatory elements and non-coding RNAs, and rearrangements, sometimes
producing fusion genes, and pathogen detection in cancer genomes remain widely unexplored. WGS approaches can detect these
unexplored mutations, as well as coding mutations and somatic copy number alterations, and help us to better understand the
whole landscape of cancer genomes and elucidate functions of these unexplored genomic regions. Analysis of cancer genomes
using the present WGS platforms is still primitive and there are substantial improvements to be made in sequencing technologies,
informatics and computer resources. Taking account of the extreme diversity of cancer genomes and phenotype, it is also required
to analyze much more WGS data and integrate these with multi-omics data, functional data and clinical-pathological data in a large
number of sample sets to interpret them more fully and efficiently.
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INTRODUCTION

Cancer is essentially a ‘disease of the genome’ with an evolutional
process, which develops and evolves with accumulations of
diverse types of somatic mutations, copy number alterations
(SCNAs) and structural variants (SVs), with and without a
background of heritable factors (germline variants) and epigenetic
factors.' The germline study on familial cancer cases and gross
copy number analysis on cancer tissues identified* germline and
somatic mutations of many classical tumor suppressor genes (RB1,
TP53 and APC),** and copy number analysis found some
oncogenes and underlying oncogenic activators such as HER2/
ERBB2.2> Some of these recurrent driver mutations have since
been targeted for cancer therapy and genomic mutational
profiling on single or multiple genes is being used for clinical
diagnosis, drug sensitivity, residual disease detection and prog-
nosis prediction.?

Recent explosive advances of next-generation sequencing
(NGS) technology and bioinformatics/computational approaches
to massive data enable us to comprehensively analyze a number
of cancer genome profiles by targeted sequencing, whole-exome
sequencing (WES), RNA sequencing (RNA-Seq) and whole-genome
sequencing (WGS).>*58 So far, many types of cancer genomes
have been sequenced and analyzed worldwide, including large
projects such as TCGA (The Cancer Genome Atlas)*® and ICGC
(The International Cancer Genome Consortium),'® to explore
cancer genomic alterations and their diversity comprehensively
and intensively. In these global and local projects, WES is the main
platform for cancer genome sequencing and vast amounts of
mutational data in protein-coding genes or regions for many
types of both common and rare tumors have been accumulated.
These systematic studies of the cancer genome have reveled
scores of new cancer genes, pathways and mehanisms,® and
saturation analysis suggests that most driver genes that are

frequently mutated in cancer have been almost elucidated.'’'?
Now, it is important to focus on the ‘long tail' of rare mutated
driver candidates>'® in addition to validating these using
functional studies."’

On the other hand, there is limited information on somatic
mutations in non-coding regions,? including UTRs (untranslated
regions), introns, regulatory elements and diverse non-coding
RNAs (ncRNAs). Genomic SVs including large deletion/insertion,
inversion, duplication, translocation and pathogen integration in
cancer genomes remain widely unexplored® (Figure 1). Different
from WES, WGS approaches can detect these unexplored
mutations and help us better understand the whole landscape
of cancer genome and elucidate the functions of these
unexplored human genomic regions, and it can clarify the
underlying carcinogenesis and achieve molecular sub-
classification of cancer, which facilitates discovery of genomic
biomarkers and personalized cancer medicine. This review
describes the recent approaches in cancer genome analysis based
on WGS and the future direction of cancer WGS and its use as an
analysis platform for cancer genomics.

TARGET RE-SEQUENCING AND COPY NUMBER ANALYSIS

Sanger sequencing following PCR was an initial approach to
discover mutations in cancer genomes. Although this method can
analyze limited numbers of genes, it has been applied to
characterize hundreds of samples and most protein-coding exons.
Vogelstein and his group have extended these approaches to
discover somatic mutations by screening thousands of protein-
coding exons in the human genome and succeeded in identifying
many important driver genes and their mutations. In 2003, they
sequenced 819 exons of tyrosine kinase genes and all exons of 16
phosphoinositide 3-kinases genes, and identified recurrent
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Figure 1. WGS by NGS can detect non-coding mutations, SVs

(structural variants) including SCNAs (somatic copy number altera-
tions) and translocations, and pathogen detection, as well as
protein-coding mutations.

somatic mutations of PIK3CA in many types of cancer.'® In 2008,
they also sequenced 20 661 protein-coding genes in glioblastoma
and found IDH1 hotspot mutations,"® which is now targeted for
drug development. These achievements proved the concept for
high-throughput sequencing study for cancer genome by Sanger
sequencing, which has been replaced by NGS."" Targeted
sequencing is still an important method for verification and
validation of mutations detected by NGS analysis. Targeted
sequencing for some dozens or hundreds of genes by using
NGS is an important approach at the time when most of driver
genes or ‘actionable’ genes are listed for validation and clinical
application.

SCNAs are a hallmark of genomic abnormality in cancer cells.
Copy number analysis using DNA arrays is a powerful method to
characterize SCNAs in cancer genomes. In the 1980s, intensive
copy number analyses found many of loss of heterozygosity and
amplified regions, which was important information to identify
classical tumor suppressor genes and oncogenes.>*'"1® High-
density DNA arrays or single-nucleotide polymorphism arrays
measure copy number in genomic regions using hybridization
signals or allele intensity ratios of single-nucleotide polymor-
phisms, whereas high-throughput sequencing analysis on WES
and WGS can detect SCNAs using sequence read numbers aligned
to each of genomic regions. The resolution of sequencing analysis
is expected to be higher than DNA chip approach by combining
them with SVs information detected by WGS.

EXOME SEQUENCING (WES) AND MUTATIONS IN PROTEIN-
CODING REGIONS

WES is taking center stage for cancer genome sequencing and
now huge amounts of mutational data in exonic protein-coding
regions for common and rare tumors have been accumulated,
with most driver genes that are frequently mutated in common
cancers identified.” Focus is shifting to the rarer mutated driver
candidate among the ‘long tail' of mutated gene lists>'? and to
validate these biological functions in cancer. Pan-cancer analysis
on exome data demonstrated that carcinogen-exposed cancer
such as ultraviolet-related melanoma and smoking-related lung
cancer have far higher numbers of somatic mutations in coding
regions among common types of cancer.'”” On the other hand,
pediatric tumors and leukemia have fewer mutations and only
several non-silent mutations are present in their whole-coding
regions, which is likely to be solely driver mutations in their
carcinogenesis."” TCGA and ICGC provide comprehensive muta-
tional data of coding regions in > 12 000 cancers and the COSMIC

Oncogene (2015) 5943 -5950

database is extensively curating mutations from targeted sequen-
cing and WES, summarizing coding mutations for > 1000000
cancer samples.'®

WES usually captures protein-coding exons spanning 37-50 Mb
(1-2%) of the human genome by DNA-RNA or DNA-DNA
hybridization insolution.” Its performance is 30-70% on-target
rate, and WES sequences 70-100 x and more ‘depth’ (coverage for
target regions) for each sample, which is more accurate than 30 x
WGS, because accuracy of mutation detection by NGS is primarily
dependent on the sequencing depth. WES is much cheaper than
WGS and a reasonable stop-gap solution until WGS becomes
cheap enough in the future. However, the present WES captures
miss 3% of coding regions due to probe failure for extremely GC-
rich coding regions and complicated regions.?° This method
cannot analyze off-target regions such as non-coding regions and
shows some bias specific to each capture method. For example,
reads with indels of a dozen nucleotides or more,° or those with
multiple variants like human leukocyte antigen (HLA) regions can
be missed or show lower depth because of lower efficiency of
hybridization.

‘WET’ PLATFORM FOR WGS

WGS by NGS is technically straightforward. DNA is randomly
fragmented and 30 x or more depth (90-100 Gb) of each human
whole genome is usually sequenced for both cancer and normal
genomes.®?! It can cover 99% of the entire human genome,?’ but
considering heterogeneity of both cancer tissue and cancer
genome, more sequencing depth is preferable for detecting
somatic mutations comprehensively. In several types of cancer
such as pancreatic cancer tissues, cancer cells may comprise only
5-30% of the sample. These stroma-abundant tumors require
more sequence depth to detect their somatic mutations (100-
200%).*2 Common NGS technology reads are 100-150-bp
sequences of both ends of a 300-600-bp DNA fragment, which
is randomly sheered.?' However, this technology is still dependent
on PCR and shows some PCR bias. GC-rich or AT-rich regions are
difficult to sequence and WGS produces lower depth in these
regions. PCR-free protocols have been presented and show less
GC-bias and may be more comprehensive. The other limitation of
the present WGS technology is the short read length. The 3-Gb
human reference sequence reveals many repetitive regions and
pseudogenes and when short sequence reads are aligned to this
redundant reference sequence, a lot of alignment errors occur and
lead to mutation calling errors.>® The third-generation single-
molecule sequencing®* or nanopore sequencing technologies can
yield some kb and longer sequences without PCR process and are
expected to be applied to WGS, but they currently suffer from a
high error rate (5-10%) in each read and are prohibitively
expensive for WGS at present.

‘DRY’ PLATFORM FOR WGS

One of the greatest difficulties for cancer WGS is informatics and
computational analysis. Cancer WGS is required to produce >90-
100 Gb x 2 (cancer and normal) of sequence data, corresponding
to about one T(tera)-bytes for one sample. Hence, a large
computer facility or equivalent resources are required to handle
these large data sets and to perform alignment and variant calling
promptly for some hundreds or thousands of cancer WGS. World-
class genome centers are increasing their computer resources for
WGS, but it would be not sufficient in these academia resources
for analysis on tens of thousands of WGS data set. Informatics
teams are interested in high-performance commercial-based cloud
computing systems that can solve these problems, although there
are technical problems of data transfer and ethical and legal issues
because cancer genome analysis handles potentially sensitive
genomic information of each patient.?
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Figure 2.

A representative set of analysis tools for cancer WGS data. As an initial step, raw sequence data (90-100 Gb x 2: FASTQ files) from NGS

of cancer genome and normal genome are aligned to the 3-Gb human reference sequence (3 Gb), producing BAM files, and PCR duplication is
removed from the BAM file (usually 2-10%). Somatic mutations are called by several types of algorithms specific to types of mutations (SNVs,
short indels, SCNAs, SVs and others), comparing variant allele number in cancer genome with those in normal genome by statistical analysis

and creates a list of somatic mutations (VCF files).

A representative set of computational analysis tools for cancer
WGS data is shown in Figure 2. As an initial step, raw sequence
data from NGS (FASTQ files) are aligned to the 3-Gb human
reference sequence, producing BAM files, and PCR duplicates are
removed from the BAM file (usually 2-10%). Somatic mutations
are called by several types of algorithms or specific to types of
mutations (single-nucleotide variants (SNVs), short indels, SCNAs
and SVs), comparing variant allele fraction in the cancer genome
with those in the normal genome. Accuracy is dependent on read
depth in each genomic region, with WGS typically having lower
depth than WES, although WGS can cover variants in coding and
non-coding regions. The other issue to determine the accuracy of
WGS is alignment error. Taking account of the complexity and
redundancy of the human whole genome, alignment error can
occur with some frequency when short read sequences are
aligned to repetitive and redundant genome sequences.?®* The
most serious problem of WGS is that its result is dependent on
these mutation call algorithm and each pipeline calls different
results,?® especially in low-depth regions or for mutations with low
frequency of the mutant allele. To evaluate the consistency of
mutation calling for cancer WGS, there are some ongoing
efforts for comparing calling results from several algorism
and optimizing mutation calling through a community-based
challenge such as DREAM Challenge®” and ICGC validation/
verification working group.

As a next step, several informatics/statistics analyses are
performed to interpret these mutational profiles, such as non-
negative matrix factorization'” and principal component analysis
of mutational signatures for speculation of carcinogenic process
and background, and identification of driver genes, which is
described below (Figure 2).

SNVs AND SHORT INDELS IN NON-CODING REGIONS

The human genome contains genes encoding ~ 20 000 ncRNAs,
including transfer RNA, ribosomal RNA, microRNA and other long

28,29

© 2015 Macmillan Publishers Limited

1 " 1A !
>
. 5’UTR & Regulatol ’ neRNA
intron Promoter el?amentrsy o
Splicing changes Transcriptional change :L?Nsal::ir:i‘::/ng Eﬁigenet!ics.
chromatin

Protein translation structure

Figure 3. Non-coding mutations and gene expression. Intronic
mutations can affect splicing forms. Mutations in 5 UTR and
promoter regions can alter transcriptional activity and regulatory
elements such as enhancers and silencers in intergenic regions also
change transcriptional activity. Mutations in 3" UTR can alter RNA
stability and protein translation through change of microRNA
(miRNA) binding and other mechanism. Mutations in non-coding
RNA, especially miRNAs and lincRNAs, may change the interaction of
coding RNAs/proteins and regulatory elements, and alter epigenetic
status and chromatin structure. lincRNA, long non-coding RNA.

non-coding RNAs (Figure 3). These functional ncRNAs are
expected to contribute to epigenetics, transcription regulation,
RNA splicing and the translational machinery.?®?° In addition to
these ncRNAs, the initial transcripts of protein-coding genes
usually contain extensive non-coding sequences, in the form of
introns, 5 UTRs and 3’ UTRs, which are also involved with the
regulation of RNA transcription, RNA splicing and protein
translational processes®*' Mutations in 3’ UTR may tend to
occur in cancer driver genes®® and are likely to control RNA
stability and protein translation through microRNA binding.3%?'
Furthermore, intergenic regions are likely to have many different
regulatory element sequences, which are crucial to regulating
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gene expression around these elements. Genome-wide associa-
tion studies (GWAS) on common types of cancers have identified
some hundred cancer-predisposing loci, many of which are
located in intergenic non-coding regions, and they are expected
to be involved with regulatory elements controlling gene
expression around these loci.®® These findings from genome-
wide association study indicate that non-coding regulatory
elements could have some important roles in carcinogenesis.
Extrapolations from the ENCODE3** project and FAMTOM?®®
suggest that 20-40% of the human genome could be regulatory
elements. Efforts have shifted towards finding interactions
between DNA and regulatory proteins by ChIP-Seq, or open
chromatin elements where the DNA is not packaged by histones
(DNase hypersensitive sites), both of which tell where there are
active regulatory sequences in a cell type-specific or cancer-
specific manner.3*3>

One of the biggest advantages of WGS over WES is that WGS
can detect non-coding mutations in cancer and mutational
analysis focusing on non-coding regions in a number of WGS
data is now underway. Initially, WGS analysis in melanoma
samples discovered hotspot mutations in the TERT promoter,
which are located —124-bp and —146-bp upstream from its
translation start ATG site, and conferred enhanced TERT promoter
activity by putatively generating a consensus binding site for the
ETS transcription factor.3® These promoter mutations were
frequently detected in brain tumors, bladder cancer, thyroid
cancer, melanoma and liver cancer, although the strength of
association between these TERT promoter mutations and TERT
expression is highly variable across cancer types.>’” In a subset of
T-cell ALL, somatic mutations in non-coding regions were found,
which introduced binding motifs for the MYB transcriptional factor
and created a super-enhancer upstream of the TAL7 oncogene.®
Recent systematic or statistical analysis for non-coding somatic
mutations using WGS data sets from TCGA and ICGC indicated
that some non-coding regions are frequently mutated, such as the
promoters or regulatory elements of PLEKHST and WDR74 in
addition to TERT,**“® although it is still unclear whether they are
related with gene expression around these loci as regulatory
regions. More systematic approaches targeting non-coding
regions are required. Many data sets targeting non-coding regions
such as ENCODE** and FANTOMS5>> are annotating regulatory
regions and ncRNAs and by combining these ChIP-Seq and gene
expression data sets, an amount of non-coding mutations can be
annotated and interpreted.

Communities and projects involved with cancer genome are
now producing much more WGS for many types of cancer and
analyzing them, thanks to the markedly decreasing cost of WGS
and expanding computer resources. It will become more
important to interpret these non-coding mutations and their
functions in the human genome by integration with other omics
data sets such as ChIP-Seq, RNA-Seq and DNA methylation
(bisulfite sequencing) data.

MUTATIONAL ANALYSIS IN REPEAT OR REPETITIVE REGIONS

Repetitive DNA sequences comprise ~50% of the human genome,
and < 10% of the human genome consists of tandem repeats or
low complexity repeat sequences with variable lengths of two
nucleotides to tens of nucleotides.”> These sequences are highly
variable and are used for forensic DNA analysis and diagnosis for
cancer with DNA mismatch-repair deficiency using a microsatellite
(MS) instability test. Among the repetitive sequences, trinucleotide
repeats are important as they sometimes occur within protein-
coding regions and may lead to change in protein function, such
as the tandem repeat regions of FLT3*' and AR.** It is still difficult
to analyze mutations and variants in such repetitive regions by
WGS and NGS approaches, because of alignment issues for short
read sequences.”® Park and his group*® analyzed several whole
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genomes of MS instability-positive colorectal and endometrial
cancers and found 11000-332000 MS mutations in whole
genomes of these tumors in addition to many more exonic
mutations, whereas MS-stable cancer revealed 5-7000 MS
mutations.

Transposable genetic elements, which can replicate and insert
copies of themselves at other locations, are an abundant
component in the human genome?® The most abundant
transposon lineage, Alu, has about 50000 active copies and
LINE-1 has about 100 active copies per genome. These
transposons had a major role and were a driving force for
genomic evolution and diversity.>>** Several studies analyzed
transposon-mediated mutations or SVs using cancer WGS data
and identified 4-5 somatic retrotransposon insertion per
tumor.**** These somatic retrotransposon insertions tend to
occur in genes that are commonly mutated in cancer, and change
their expressions.

GENOMIC REARRANGEMENTS (SVs) AND CHROMOTHRIPSIS

Distinct rearrangements or translocations in leukemia and rare
sarcoma lead to the activation of proto-oncogene products or
creation of cancer-specific fusion genes, some of which are
diagnostic tools for sarcomas such as STY-SSX7 fusion in synovial
sarcoma and EWS-FLIT fusion in Ewing sarcoma.*’® Philadelphia
chromosome in CML,*’ translocation between chromosome 9g34
and 22q11 gives rise to the BCR-ABL fusion gene with the ABL
kinase inhibitor imatinib, the first successful drug targeting cancer
mutations. A small inversion on chromosome 2p creates the EML4-
ALK fusion gene, which is found in 1-2% lung adenocarcinomas
and kinase inhibitors are targeting such a kinase fusion gene as
ALK*® Rearrangement involving ROST at chromosome 622
(mainly translocation) and RETT at chromosome 70g71.2 (mainly
inversion) were also identified in a few percent of lung cancers
with unique clinical and pathological features, which produce
fusion kinases as driver genes and are now molecular targets for
lung cancer.**° Not only in rare tumors, 40-70% of prostate
cancers was found to have rearrangements involving ERG at
chromosome 27g22 and multiple ETS family genes, producing
TMPRSS2-ERG fusion and ETS family gene fusion.”' Recent analysis
for medulloblastoma found recurrent rearrangement activated
GFIB proto-oncogene by enhancer hijacking (swapping).>2

These SVs or chromosomal rearrangements are pervasive
but our ability to characterize and interpret their impacts
has been limited,> NGS can detect SVs comprehensively and
systematically®®> and WGS can detect these SVs by several
approaches (Figures 4a and b). First, paired-end information
and apparent fragment length and orientation by NGS are used to
detect deletion, insertion, duplication, inversion and translocation®
(Figure 4a). For deletion and duplication, integration with read
number distribution or copy number information is likely to more
effective. Split read or chimera read analysis can detect these SVs
and also determine their breakpoints directly.”>** Ultimately, for
more complicated SVs and pathogen detection, a de novo
assembly approach may be more useful and attractive®”
(Figure 4b). The de novo assembly using short read sequence
with long read sequences produced by third-generation NGS is
now attempted to clarify complicated genomic structures in
human genome, cancer genome and other species.?*

WGS analysis on cancer revealed a distinct phenomenon,
termed chromothripsis (from the Greek for ‘chromosome’
(chromo) and ‘shattering into pieces’ (thripsis)).>> In chromothripsis,
one or a few chromosomes in one cell produce dozens to
hundreds of clustered rearrangementssé’57 (Figure 4c). The
mechanism for such complicated rearrangements is that at one
or more carcinogenic stages distinct chromosomes or genomic
regions become fragmented into many segments, which are then
pieced together inaccurately by DNA repair mechanisms.>” Recent
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Figure 4. Genomic rearrangement and chromothripsis in cancer
genome. (a) Paired-end sequencing by NGS detects genomic
rearrangements using the information on read direction and read
distance that are aligned to the reference human genome.
(b) In addition to paired-end information, copy number information
from WGS, split read alignment, breakpoint spanning reads and de
novo assembly of reads that are unaligned to the reference genome
are used to detect SVs and pathogen integration. (c) A representa-
tive Circos plot of cancer genome structure and chromothripsis.
A Circos plot indicates SVs and SCNAs in all of human chromosomes
(1-22+XY).

study suggested chromothriptic signatures in cancers arising from
patients with inherited p53 mutations,*® as well as strong
associations with somatic p53 mutations, this event is associated
with the functions of p53 and other genomic stability in various
DNA damage response signaling. Furthermore, WGS analysis for
pancreatic cancers indicated that such a genomic instability
‘phenotype’ was co-segregated with inactivation of DNA
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maintenance genes (BRCAT, BRCA2 and PALB2), and also related
with high response to DNA-damaging agents.>®

PATHOGEN DETECTION AND INTEGRATION TO THE HOST
GENOME

Cancer development is strongly associated with pathogen
infection and chronic inflammation.?® For example, hepatitis B
virus or hepatitis C virus infection is a strong carcinogenic factor
for liver cancer development. Human papillomavirus infection
initiates and promotes carcinogenesis of cervix and Helicobacter
pylori infection and its related chronic gastritis is also a strong
carcinogenic factor for gastric cancer. Hence, it is important in
cancer genomes to detect DNA or RNA sequences derived from
known and unknown pathogens (virus and bacteria) leading to
chronic inflammation and to identify genomic integrations of
pathogens to the host human cancer genome. Technically,
unaligned reads to the human genome sequences are extracted
from WGS data and they can be checked whether they match
known pathogen genome sequences with or without pre-
assembling.® Especially for tumors in digestive organs, bacteria
detection and metagenome analysis of gut flora are important to
understand the genome-environmental interaction in tumor
development.®

Using pair-end information of NGS reads, WGS analysis can
detect genomic integration sites of pathogen to human genome
efficiently and accurately. Hepatitis B virus (DNA virus) infection is
proved to be integrated in liver cancer and infected non-tumorous
liver cells. WGS of liver cancers detected several integration sites
of hepatitis B virus DNA genome (3 kb), which were reported to
preferentially integrate to the genomic regions of the TERT and
MLL4 10ci®*%® The Human papillomavirus DNA genome and its
integrations are detected by WGS of cervical cancer,®* and head
and neck cancer®® Several rare cancers have a strong viral
component, such as Epstein-Barr virus in Burkitt lymphoma®® and
nasopharyngeal carcinoma, and RNA retrovirus HTLV-1 in adult
T-cell leukemia/lymphoma.®” These viral integrations/interactions
are likely to lead to genomic instability followed by copy number
changes, overexpression around the integration sites, and
human-human or human-virus gene fusion events, in addition
to oncoproteins derived from viral genome.

IDENTIFICATION OF DRIVER GENES

In the above sections, we described mutation detection.
Identification of driver genes from the mutation catalog and their
interpretation is an important next step.®> One of the broadest
definitions of ‘driver gene’ is a gene that confers growth
advantage to the cancer cell.? As driver genes are expected to
be positively selected throughout cancer development, the
number and pattern of mutations in the driver genes are likely
to be different from the expectation under the null hypothesis.
Therefore, driver genes are identified by examining the number
of non-silent mutations, position of mutations and functional
bias of mutations. To test the number of mutations, expected
number of mutation is estimated for each gene. As the number of
mutations is influenced by gene length and nucleotide composi-
tion, such as CpG, the expected number is calculated by
considering these factors.®®*7° In addition, gene expression level
and replication timing are also considered to standardize the
effects of transcription-coupled repair and regional mutation
rate.®® Then the observed number of mutation is compared with
the expected number of mutations to test the recurrence of the
mutations.'>%*7° This method is commonly used to identify driver
genes. Besides coding genes, this framework was applied to non-
coding regions and significantly mutated regulatory regions were
reported.*°
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Analysis of location and functional bias of mutations is useful for
interpretation. Driver genes are generally classified into onco-
genes and tumor suppressor genes. Mutations in oncogenes
render the gene constitutively active (gain of function) or confer
different function (change of function).”' Therefore, we can expect
that the mutations in oncogenes are clustered at a few
functionally important codons.”’ These mutation clusters can be
identified by non-uniform distribution of mutations in the coding
regions.”®”" On the other hand, mutations in tumor suppressor
gene reduce activity of the gene, and loss-of-function mutations,
such as nonsense or frameshift indels, are likely to be enriched in
tumor suppressor gene. Therefore, test for the proportion of loss-
of-function mutations can identify tumor suppressor genes. In
addition, the comparison of the functional impact of mutations
also helps us interpret the role of mutated genes.”? Systematic
analysis on the location and functional bias of mutations requires
large number of mutations, therefore, only a few studies have
been reported.”*”® However, recent accumulation of mutation
data would make it possible to perform detailed analyses on the
mutation patterns or combination among multiple driver and
passenger candidate mutations, and incorporating other informa-
tion, such as evolutional conservation of functional domains,
protein—protein interactions and protein complexes, should
expand our knowledge of driver genes.

In addition to point mutation and short indels, SVs and
pathogen integrations also alter gene functions and gene
expressions. Although statistical methods to analyze SCNAs are
available,”® testing for the significance of somatic rearrangements
is still a difficult task. How to comprehensively integrate data of
point mutations, short indels, SCNAs and rearrangement is an
important topic for large-scale WGS study.

INTEGRATIVE WGS ANALYSIS WITH RNA-SEQ FOR
INTERPRETATION
The impact of mutations in non-coding regions and SVs in cancer
genomes is usually difficult to evaluate and interpret so far.> RNA-
Seq data can evaluate the impact of deep intronic and
synonymous mutations and check the transcriptional or functional
consequences of these genomic alterations. Changes in splicing
patterns can be driven by somatic mutations and contribute to
oncogenic processes and acquisition of more aggressive and
survival phenotypes of cancer cells.”*”* In addition to mutations in
exon-intron junction sites (AT-GC consensus sites), mutations in
deep intronic regions can generate new splice-donor or -acceptor
sites, giving rise to new splicing forms.”® Synonymous mutations
in coding regions and intronic regions can alter exonic motifs that
regulate splicing and the functions of cancer-related genes.'
There are also many fusion events detected by RNA-Seq and most
of them are caused by genomic rearrangement.**>' Some SVs
affecting non-coding regions can also change the expression of
nearby genes owing to changes of regulatory elements and
chromatin structures.®® There is much potential for transcriptional
or functional consequences of SVs and non-coding mutations and
they should be further explored. However, at present, few studies
systematically compare genomic mutations or variants and
transcriptional aberrations from WGS and RNA-Seq data and
evaluate the transcriptional consequences of these genomic
variants comprehensively.”®”” In the future, to interpret muta-
tional profiles from cancer WGS, integrative analysis of RNA-Seq
and multi-omics analysis with RNA profile,”® DNA methylation
profile,”® protein expression profiles’® and chromatin structure
profiles such as ChIP-Seq®*** and HiC-Seq® will be required and
should be a powerful approach to interpret mutational con-
sequences and understand the biology of cancer genomes.
Another integrated approach to interpret mutations and
identify driver genes is to combine high-throughput functional
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cellular assays®' with WES or WGS and more functional data
should be integrated for cancer genomics.

CONCLUSION

As sequencing costs are decreasing and computer resources are
expanding, WGS analysis for cancer profiling research and clinical
utilities will become more common and more sophisticated. WGS for
cancer provides information to understand the biology underlying
the cancer genome and the function of unexplored non-coding
regions and SVs in the human genome. Current WGS analysis of the
whole picture of the cancer genome is still primitive and there are
improvements to be made in NGS technology, informatics and
computational methods. Taking into account the diversity of cancer
genomes and phenotypes, interpretation of the mutational data
from cancer WGS will also require the analysis of much more WGS
data and integration with multi-omics data, functional data and
clinic-pathological data in a larger number of sample set.
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