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The application of next-generation sequencing (NGS) technology to the study of cancer
genomes has been transformational. Not only has this technology revealed the genetic and
epigenetic underpinnings of disease onset andprogression, but also has redefinedour clinical
diagnosis and treatment paradigms. This rapid translation from discovery to clinical platform
has occurred in the context of new pharmaceutical paradigms, enabling the use of NGS for
the diagnosis and definition of therapeutic vulnerabilities of cancer. This review explores this
transformation and identifies cutting-edge applications of NGS that will result in its additional
utility in cancer care.

HISTORICAL UNDERPINNINGS OF
CANCER GENOMICS

In 1902, even before the structure of DNA and
its role in the cell was understood, Theodor

Boveri postulated that a cancerous cell results
from a scrambling of the chromosomes, leading
to uncontrolled cell division (Boveri 2008). This
hypothesis emerged from his studies of sea ur-
chins, wherein he showed the need for all chro-
mosomes to be present for proper embryonic
development. Boveri further postulated that
chromosomal abnormalities in cancer emerged
as a result of radiation, physical or chemical in-
sults, or microscopic pathogens. This early hy-
pothesis about the role of the genome in cancer
onset was supported by the work of T.H. Mor-
gan, whose studies of Drosophila melanogaster
showed that its chromosomes carried hereditary
information, and further defined the concept of
the gene as the fundamental unit of heredity
(Morgan 1913).

As microscopy improved and techniques
were developed for imaging-condensed chro-
mosomes under the microscope, the ability to
produce karyotypic evaluation of human chro-
mosomes emerged. From these basic techniques,
the work of Hungerford, Nowell, and Rowley
(National Academy of Sciences 1960; Rudkin
et al. 1964; Rowley 1973) showed that specific,
aberrant chromosomes were always identified
when examining chromosomes from patients
with specific leukemia diagnoses. These in-
cluded the Philadelphia chromosome (t9;22) of
chronic myeloid leukemia (CML) and the char-
acteristic translocation (t15;17) of acute promye-
locytic leukemia (APL) (Rowley et al. 1977). The
association of these cancer-specific chromo-
somes with the onset of leukemia was furthered
by the advent of molecular cloning and DNA
sequencing techniques in the late 1970s, which
ultimately showed that chromosomal transloca-
tions resulted in gene fusions. In CML, the t9;22
led to the fusion of BCR andABL genes (Shtivel-
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man et al. 1986), and inAPL, the t15;17 led to the
fusion of PMLwith RARa (Goddard et al. 1991).
Additional studies showed that both fusion pro-
teins were necessary and sufficient drivers of on-
cogenesis, which ultimately helped to define
therapeutic approaches to address the novel ac-
tion of each fusion protein (Lugo et al. 1990;
Fenaux et al. 1999). In essence, these early cancer
genomics studies established a paradigm by
which examining the chromosomes for the pres-
ence of known alterations that inferred specific
cancer drivers both provided ameans of diagno-
sis and a means of identifying specific therapeu-
tics to alleviate cancer progression. Increasing
knowledge of chromosomal-scale cancer drivers
thereby ushered in the era of known cancer
drug–gene interactions referred to as “targeted
therapy.”

Although microscopic evaluation of cancer
cells and chromosomes remains the standard of
pathology today, there have been a variety of
different technologies developed to aid in cancer
diagnosis and the identification of alterations
that drive cancer onset at increasing resolution.
One microscopic technique that added resolu-
tion to the evaluation of chromosomes was
fluorescent in situ hybridization (FISH) (Lang-
er-Safer et al. 1982). This approach combines
specific fluorescent probes that define juxta-
posed loci, resulting from their involvement in
either a chromosomal translocation or inversion
with cultured cancer cells from a patient biopsy.
Examination of the hybridized probes under the
fluorescent microscope permits diagnostic con-
firmation of the specific alteration based on
proximity of labeled probes at the specific chro-
mosomal loci involved in the alteration. In some
cancers, FISH confirmation informs therapeutic
decision-making. As efforts in the 1990s helped
to define the Human Genome Project by pro-
ducing clone-based “maps” of each chromo-
some, techniques were developed to produce
spotted arrays of isolated DNA from these
clones onto treated glass slides. By labeling tu-
mor and normal DNA from an individual pa-
tient with different fluors and hybridizing the
mixed, labeled DNAs onto these cloned DNA
“microarrays” followed by laser-based scanning,
images of differential labeling intensity could

be obtained that identified chromosomal losses,
gains, and other structural changes, all at much
higher resolution than by microscopic analysis
(Kallioniemi et al. 1992; du Manoir et al. 1993).

The completion of the Human Genome
Project in 2004 (International Human Genome
Sequencing Consortium 2004) introduced a
template on which known cancer genes could
be localized in silico and their sequences defined
by computational matching. Using the tech-
nique of polymerase chain reaction (PCR)
developed by Faloona, Mullis, and colleagues
(Saiki et al. 1985), the exons of known cancer
genes could be amplified from DNA extracts of
the tumor material, and their sequences deter-
mined by fluorescent Sanger-sequencing instru-
ments. Early efforts of this type were limited to
the evaluation of small numbers of genes be-
cause of the limited amount of DNA available
from a given cancer sample and the lack of scal-
ability of the approach. Importantly, these early
efforts helped to define new drug–gene interac-
tions such as the mutations in EGFR that pre-
dicted response to new targeted therapies known
as tyrosine kinase inhibitors being tested in the
treatment of lung adenocarcinoma (Lynch et al.
2004; Paez 2004; Pao et al. 2004). Figure 1 shows
the techniques that were developed and used to
achieve increasing resolution on cancer-related
alterations in DNA.

Over time, Vogelstein’s group scaled this
PCR amplification and Sanger-sequencing ap-
proach to address nearly every known human
gene and identify point mutations, as described
in a landmark manuscript that first described
the colorectal and breast cancer genome “land-
scapes” (Sjöblom et al. 2006). Although admit-
tedly limited in sample numbers studied, this
seminal work defined the notion of characteriz-
ing all the mutations in a cancer genome to
identify cancer “drivers” and thereby identify
points of therapeutic vulnerability (Papadopou-
los et al. 2006). Subsequently, the three large-
scale U.S.-based genome centers funded by the
National Human Genome Research Institute
collaborated with a group of lung cancer oncol-
ogists and pathologists to combine microarray-
based chromosomal copy number analysis with
mutations identified by combined PCR and
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Figure 1. Techniques developed to detect cancer-related alterations of genomic DNA at increasing resolution.
(A) Chromosomal metaphase analysis identifies driver translocations that result in fusion proteins. (From
Rowley 2008; reprinted, with permission, from the American Society of Hematology © 2008.) (B) Fluorescence
in situ hybridization (FISH) identifies a t(9;22) translocation. (Reprinted fromWikimedia Commons under the
terms of the GNU Free Documentation License.) (C) Microarray-based comparative genome hybridization
identifies chromosomal copy number alterations in tumor DNA. (Figure reprinted from Alqallaf and Hajjiah
2011 under the terms of the Creative Commons Attribution-Non-Commercial-ShareAlike-3.p License.)
(D) Polymerase chain reaction (PCR) amplification and Sanger sequencing identifies heterozygous KRAS driver
mutations. (Reprinted from Gao et al. 2016a in accordance with the Creative Commons Attribution Non-
Commercial (CC BY-NC 4.0) License.)
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Sanger sequencing of genes in known cancer
pathways to characterize the somatic landscapes
of a cohort of 188 human lung adenocarcinomas
(Weir et al. 2007; Ding et al. 2008). Whereas
these studies were impactful, it was clear that
this approach overall was not scalable because
of the need for large amounts of tumor tissue
that would yield sufficient DNA to assay, and
the insensitivity of Sanger sequencing to detect
low-levelmutations (those present in only a frac-
tion of the cancer cells) or to survey tumors with
a large proportion of normal cells intermingled.
Finally, because pseudogenes and other chal-
lenges related to homology in gene families did
not permit the design of uniquely amplifying
primer pairs, the ability to PCR amplify specific
loci with high fidelity was simply not possible,
thereby eliminating the inclusion of these genes
into variant discovery.

NEXT-GENERATION SEQUENCING
OF CANCER GENOMES

These challenges were largely addressed by the
development of new sequencing technologies
that eliminated the conventional PCR amplifica-
tion steps required to produce templates for
Sanger sequencing, therebyreducing thenumber
of preparatory steps and the amount of DNA
needed to characterize each tumor genome. Col-
lectively referred to as next-generation sequenc-
ing (NGS), these technologiespermitted thecon-
struction of a sequencing library using only a few
discrete steps (Mardis 2011). Each library con-
struction produced DNA fragments from a ge-
nomeof interestwith commonadapter sequences
ligated at each fragment end, which were suitable
for universal priming and surface-borne amplifi-
cation, followed by sequencing in situ. In other
words, next-generation instrumentswere capable
of sequencing millions of whole-genome frag-
ments at once using a stepwise approach of nu-
cleotide addition and detection.

This “massively parallel” approach to se-
quence data generation dramatically decreased
the time and cost of data generation at a steady
pace from its introduction in 2005 until the pres-
ent day (Mardis 2017). In spite of these signifi-
cant technology advances, cancer samples pre-

sent a unique set of challenges thatmust be taken
into consideration to produce the optimal data
set fromNGSmethods (Mardis 2015).One chal-
lenge arises from the fact that any solid tumor
sample consists of a mixture of tumor and nor-
mal cells in which the normal cells include blood
vessels, stromal cells, and infiltrating immune
cells. Ideally for sequencing studies, themajority
of cells in the cancer sample should be tumor
cells, so they contribute the majority of the ge-
nomic DNA or RNA into an extraction. If not,
there are physical methods that can enhance the
tumor cell content into extraction, including la-
ser capture microdissection or flow sorting. An-
other challenge is contributed by preservation
methods like formalin fixation and paraffin em-
bedding, which have been used for more than
100 years by pathology to preserve the cellular
architecture for microscopic examination of the
tissue. However, formalin cross-links the phos-
phodiester backbone ofDNAandRNAresulting
in fragmentation over time. Paraffin at temper-
atures above 60°C also can degrade RNA during
tissue embedding. Cumulatively, this preserva-
tion method requires extensive quality checking
of extracted DNA and RNA before NGS-based
assay (Arreaza et al. 2016). Tissue availability for
NGS studies is another limitation that impacts
discovery and clinical testing, and will be dis-
cussed later. In principle, most cancer samples
have a set of assays in standard-of-care anatom-
ical and molecular pathology that must be com-
pleted for diagnosis. If a resection sample is lim-
ited in size, or if one ormore core biopsy samples
constitute the patient material available for as-
say, there may be minimal tissue available for
nucleic acid extraction and NGS assay. As
such, methods to construct NGS libraries from
very low input DNA have been developed to
compensate for this reality (Picelli et al. 2014a).

The first demonstration of the use of NGS
for sequencing and comparing the whole-
genome sequencing (WGS) of a matched tumor
(an acute myeloid leukemia [AML]) and normal
(skin punch) was published in 2008 (Ley et al.
2008). This pioneering work showed that accu-
rate interpretation of somaticmutationswas ide-
ally performed in comparison with a matched
normal tissue from the same patient as a result of
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the large numbers of variants detected. Indeed,
all large-scale cancer genomics discovery efforts
have used this paradigm, wherein solid tumors
are typically compared with DNA from periph-
eral bloodmonocytes (PBMCs) readily obtained
from whole blood, and DNA from hematologic
malignancies (e.g., leukemias and lymphomas)
are compared with DNA isolates from skin
punch, buccal swab, or sputum samples. Impor-
tantly, these early efforts predominately used the
normal DNA in a subtractive approach, whereas
later analyses focused on defining the germline
or constitutional DNA contribution to cancer
susceptibility by studying the normal DNA as
a stand-alone analysis (Zhang et al. 2015; Huang
et al. 2018;Wang et al. 2018). The importance of
normal comparator DNAwill be discussed later
in a section focused on NGS-based clinical as-
says of cancer samples.

Although the initial NGS devices only per-
mitted sequencing of whole genomes (which
was initially cost-prohibitive for human ge-
nomes), the development of clever preparatory
methods enabled the selection of exons of
known genes from awhole-genomeNGS library
(Gnirke et al. 2009; Hodges et al. 2009; Bain-
bridge et al. 2010). Collectively known as “hy-
brid capture” methods, these approaches used
synthetic DNA or RNA probes that were com-
plementary to known coding exon sequences
and were derivatized with biotin. When com-
bined at an excess concentration with a whole-
genome NGS library under appropriate condi-
tions, the biotinylated “bait” sequences drive the
formation of hybrids with complementary frag-
ments from the WGS library. On mixing the
hybrid capture reaction with streptavidin-linked
magnetic beads, the probe-selected fragments
are removed from solution by virtue of the
biotin–streptavidin binding of the probes. Sub-
sequent steps to denature the bead-isolated hy-
brids release the selected “exome” library frag-
ments in a form suitable for amplification and
sequencing. In effect, hybrid capture methods
permit either a focus on selected genes, or an
unbiased evaluation of all known genes. In either
case, interpreting the impact of the altered nu-
cleotide sequence on the final protein sequence
in the tumor (“somatic mutations”) is reason-

ably straightforward with annotation software
like VEP (McLaren et al. 2016) or Annovar
(Wang et al. 2010). More challenging with the
breadth of the NGS survey of many genes, how-
ever, is the interpretation of how somatic vari-
ants change the function of the protein. Absent
high-throughput methods to evaluate this ques-
tion of functional impact, most cancer genomics
studies instead accumulate information about
the frequency of somatic alterations in genes as
a means of inferring their importance in onco-
genesis.

Beyond the use of NGS to decode cancer
exomes and genomes, preparatory library con-
struction methods were devised to sequence
RNA using NGS platforms as well. So-called
“RNA-seq” (RNA-sequencing) methods pro-
vided a means of evaluating not only the down-
stream expression of mutations identified from
DNA, but also provided a readout of altered
methylation, chromatin packaging, and other
epigenomic mechanisms that were known to
be altered in cancer cells. Later methodological
developments have yielded NGS-basedmethods
for evaluating methylation (methyl-seq) (Ker-
naleguen et al. 2018) and chromatin packaging
(Giresi et al. 2007; Thurman et al. 2012; Buen-
rostro et al. 2013) of genomic DNA, although
accurate interpretation of these data is optimal
when compared with that from adjacent, non-
malignant tissue. Taken together, the increasing
use and utility of NGS to characterize cancer
genomes and transcriptomes, coupled with in-
novative bioinformatic methods to interpret the
data, ushered in a decade of cancer genomics
discovery that has radically changed our under-
standing of cancer as a disease of the genome.

OVERVIEW OF LARGE-SCALE
DISCOVERY EFFORTS

Initial NGS-based cancer genomics studies,
similar to the first NGS whole-genome study
mentioned above, focused on individual patient
samples in the context of WGS. This singular
focus was largely a result of the high cost of NGS
coverage for thewhole-genome approach, which
was necessary as hybrid capture had yet to reach
widespread usage. In spite of the case study na-
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ture of these reports, however, they were impact-
ful by emphasizing the power of unbiased inqui-
ry made possible by NGS. For example, the sec-
ond whole-genome NGS cancer study of a
second AML patient (Mardis et al. 2009) iden-
tified a mutation in the TCA cycle gene IDH1,
which encodes isocitrate dehydrogenase. PCR-
based examination of this gene in a cohort of
AML patients (n= 188) showed the prevalence
of this mutation and identified its putative prog-
nostic value. Another important cancer WGS
study published the same year examined the ge-
nomic comparison of a primary lobular breast
tumor and its metastatic lesion, which emerged
9 years later in the same patient (Shah et al.
2009), demonstrating the shared genomic land-
scape of the two cancers, including detection of
structural variants in the cancer genomes. This
pioneering study also evaluated tumor RNAs
from both primary and metastasis, and showed
their potential to reveal RNA editing as a mu-
tational mechanism. Taken cumulatively, the
aforementioned PCR/Sanger-sequencing stud-
ies and initial NGS-based reports generated en-
thusiasm in the biomedical research community
for the potential of an unbiased NGS-based dis-
covery to characterize the genomic underpin-
nings of cancers at nucleotide resolution, using
multiple analytes and studying cancers fromdif-
ferent tissue sites.

As a result of this momentum, international
large-scale cancer genomics discovery efforts
using NGS-based methods and computational
analyses have been underway during the past
decade. The largest studies have been govern-
ment-funded consortia likeTheCancerGenome
Atlas (TCGA) (cancergenome.nih.gov), funded
jointly by the National Cancer Institute and Na-
tional Human Genome Research Institute of the
National Institutes of Health and the Interna-
tional Cancer Genome Consortium (ICGC)
(icgc.or), a suite of large-scale studies in different
countries worldwide that were funded by the
governments of each country. Most of these
studies were conducted by large-scale genome
centers with the unique capability to achieve
economies of scale and the infrastructure neces-
sary to produce and analyze data from hundreds
of tumor/normal paired samples in a rapid and

cost-effective manner. Our enhanced under-
standing of cancer genomics from these studies
has been transformational, but of equal impor-
tance, the innovative approaches to NGS data
analysis needed to make sense of these large
data sets have been critical to achieve this new
knowledge. Although the cumulative breadth of
these computational analyses isbeyond the scope
of this article, the success of a large-scale cancer
genomics-based discovery absolutely required
innovative approaches for algorithmic examina-
tion of data, permitting multiple types of varia-
tion to be gleaned from the same set of NGS data
(Fig. 2). For example, the ability to identify sin-
gle-point mutations, insertion/deletion muta-
tions, and structural alterations (copy number
changes, translocations, inversions), as well as
loss of heterozygosity and aneuploidy analyses
all can be obtained from a whole-genome data
set comparing tumor and normal DNA, by the
application of different algorithmic treatments.
As mentioned earlier, the analysis of the normal
DNA also can reveal inherited or de novo cancer
susceptibility alterations. Similarly, RNA-seq
data analysis can produce information about
gene expression levels, alternative splicing, allelic
silencing or differential allelic expression, fusion
gene evidence, and RNA editing. More recently,
data analysis approaches that integrateDNAand
RNANGSdata are emerging (Vandin et al. 2012;
Hou and Ma 2014), providing a unique view of
cancer biology at the pathway or network level,
as well as immunogenomic classifications that
characterize the neoantigen landscape of the tu-
mor (Hundal et al. 2016;O’Donnell et al. 2018) as
well as the immunemicroenvironment (Liu et al.
2017). These capabilities further emphasize the
importanceofmultianalyte studies asopposed to
solely DNA-based characterizations for obtain-
ing a more complete picture of the biological
programs in play for individual tumors, which
may, in turn, better inform clinical therapeutic
decision-making.

As important as large-scale cancer genomics
has been to advancing our knowledge of how
genomic changes lead to cancer onset, that
knowledge is still incomplete. For example, most
large-scale discovery projects used exome se-
quencing instead of WGS because of cost con-
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siderations and relative ease of analysis. As a
result, noncoding variation is poorly under-
stood, as is information about recurrent com-
plex structural variations such as inter- and
intrachromosomal inversions and transloca-
tions. A recent set of papers has been published
that provides cumulative analysis of WGS data
from cancers sequenced by TCGA and ICGC
projects, shedding some new light on these types
of analyses and results for around 2200 cancers
acrossmany different tissue sites (www.cell.com/
pb-assets/consortium/pancanceratlas/pancani3/
index.html). Also, because of the frequency with

which primary solid tumors are resected by sur-
gery and banked, these studies focused almost
entirely on primary disease samples. In contrast,
most patients die of metastatic disease, which is
infrequently biopsied and even less frequently
removed by surgery, except in the few tumor
types in which surgery to resect metastases
is potentially curative (ovarian, liver metastases
from recurrent colorectal cancer, and central
nervous system [CNS] cancers). Hence, our
understanding of the genomic landscape of
metastatic disease remains limited. One recent
large-scale genomic study of metastatic cancers,

Human reference genome

Normal

Tumor

Tumor

Tumor

Discordant reads (structural variant) Variant base (coding) Variant base (noncoding) Variant base (coding)

Whole-exome
sequencing

Whole-
transcriptome
sequencing

Whole-genome
sequencing

Normal

Figure 2. Aligned next-generation sequencing (NGS) read coverage from whole-genome, whole-exome, and
whole-transcriptome (RNA-seq) data. This figure shows the alignment of paired-end NGS sequencing reads
along a stretch of the human genome containing two genes. Several scenarios are shown, including tumor-unique
(somatic) single-nucleotide variant identification (red triangles) in a gene, concordant between whole-genome,
exome, and RNA-seq data; discordant paired-end read mapping (red squares) in tumor whole-genome data,
indicative of a somatic structural alteration (translocation or inversion); a single-base alteration (green squares)
found in noncodingDNAby whole-genome sequencing; and a somatic single-nucleotide variant (yellow circles)
found in a gene that is not expressed in the tumor. (FromMardis 2012; reprinted, with permission, fromNature
Reviews Gastroenterology and Hepatology © 2012.)
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which characterized multiple analytes and in-
cluded integrated data analysis, showed that
the active biological pathways in metastatic dis-
ease may be quite concordant regardless of the
primary tissue site (Robinson et al. 2017). How-
ever, more work remains to better characterize
the transition from primary to metastatic dis-
ease in the context of different therapeutic mo-
dalities, including chemotherapy and radiation
therapy as well as targeted therapies. This infor-
mation can prove quite valuable in the context of
understanding the types of acquired resistance
mechanisms that can arise during the use of
targeted therapies (Juric et al. 2015), or how
chemotherapy can influence the prevalence of
different clonal populations (Ding et al. 2012).
In the former case, knowing the resistance
mechanism(s) to a given therapy can inform
monitoring of the patient by techniques known
collectively as “liquid biopsy,” as discussed later
in this article and elsewhere in this collection.

CLINICAL APPLICATION OF CANCER
GENOMICS

Coincident with the emerging knowledge of so-
matic alterations, drug development efforts have
focused on the screening of compounds, as well
as novel synthetic efforts, to identify inhibitory
molecules that can interact with the resulting
protein drivers. As these compounds have been
tested in clinical trials and received FDA ap-
proval, genomics-based assays have provided a
diagnostic to identify additional patients who
might benefit from these targeted therapies. In
particular, because cancer genomics discovery
has taught us that mutations in cancer genes
are not tissue-type-specific, and multiple differ-
ent driver genes/mutations may be active in any
cancer, developing NGS tests for multiple genes
that can be applied to cancers from different tis-
sue sites is logical, and permits a judicious use of
tumor tissue that is often in short supply, as
discussed above. Several large studies have been
published that apply this paradigm of using
broadNGS assays to identify therapeutic vulner-
abilities to adult (Roychowdhury et al. 2011; Ze-
hir et al. 2017) and pediatric (Mody et al. 2015;
Oberg et al. 2016) patients. Although clinically

effective, the challenge of NGS-based clinical
testing is that often variants are identified that
have not been previously characterized with re-
spect to their likelihood to (1) drive the cancer
onset, or (2) respond to indicated therapies,
leaving the question of response to therapy un-
known. Another challenge that relates to the
shared nature of cancer driver genes/mutations
is that FDA approval of drugs, historically, has
been tissue-site-specific, and whereas an assay
indicates a positive indication of therapeutic
vulnerability, if the therapy is not FDA approved
for that tissue site, it is considered “off label” and
typically is not covered by insurance. This is
an increasingly common problem that is now
being somewhat addressed by new clinical trial
designs such as “basket” or “umbrella” trials,
which enroll patientswith the same vulnerability
across multiple tumor sites for a defined set of
genomic drivers (basket) and a corresponding
set of targeted therapies (umbrella) (Berger and
Mardis 2018).

Another clinical impact from large-scale
cancer genomics discovery projects has been an
improved estimate of the genetic susceptibility
to cancer, which now can be identified in about
10%–12% of individuals who go on to develop
cancer. This level of germline contribution to
risk was obtained from an NGS assay of tens of
thousands of cancer patients, both adult and
pediatric, many without a family history of can-
cer that might suggest the role of genetic sus-
ceptibility. In particular, the clinical impact of
this finding has changed practice in two ways.
First, clinical NGS assays that sequence known
cancer genes to identify genetic susceptibility
now are ordered for patients who present with
cancer at a young age (typically before age 40) as
a standard of care, regardless of family history.
Second, the presence of pathogenic germline
mutations in BRCA1/2 genes has been shown
to predict improved outcomes for patients treat-
ed with the combination of chemotherapy and a
PARP inhibitor therapy in the setting of ovarian
cancer (Matulonis 2018). Furthermore, micro-
satellite instability, which can be identified ei-
ther in the germline or cancer DNA, leads to
increased mutational burden and has been
shown to predict patients’ likely response to
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checkpoint blockade inhibitors, one class of im-
munotherapies (Le et al. 2015; Bever and Le
2017), as is now FDA approved. These findings
collectively make an argument for the NGS as-
say of germline, as well as cancer DNA, to in-
form therapeutic decision-making.

One more recent clinical application of can-
cer genomics that stems from cancer genomics
and the outcomes of patients receiving check-
point blockade inhibitor therapy is the predic-
tive value of estimating the tumor mutational
burden (TMB). Several clinical trials have now
shown a correlation between response to check-
point blockade immunotherapy and high TMB,
evaluated retrospectively (Devarakonda et al.
2018; Fabrizio et al. 2018). The concept of using
NGS-based TMB to predict response is contro-
versial, however. This controversy arises from
multiple areas that lack standardization across
NGS assays in terms of (1) the numbers and
types of genes surveyed, (2) the depth of NGS
data read depth or “coverage” obtained, (3) the
algorithmic mutation caller(s) used to identify
variants, and (4) whether the TMB cut point has
been evaluatedwith sufficiently robust data from
samples with therapy-related outcomes, and/or
has been confirmed retrospectively with multi-
ple data sets. As a result, NGS-based estimates
of TMB are not yet being used as a defined
clinical parameter to determine whether pa-
tients should receive checkpoint blockade in-
hibitors.

CUTTING-EDGE APPLICATIONS IN
CANCER GENOMICS

The application of NGS methods to the study
of cancers has evolved rapidly, as have myriad
computational approaches to the data. Several
current applications are worth mentioning as
they are bringing increasingly important infor-
mation about cancer cell heterogeneity and bi-
ology to our knowledge of the disease. One such
application involves the use of emerging single-
cell preparatory methods to study cancer cell
genomics from DNA sequencing data and can-
cer biology from RNA-seq data. Methods have
been developed that focus either on amplified
genomic DNA (Gao et al. 2016b; Kim et al.

2018) or 30-based sampling of RNA isolates
(Puram et al. 2017; Filbin et al. 2018) from tu-
mors treated to produce single cells or single
nuclei (Picelli et al. 2014b). Analytical methods
that address these data sets are aimed at struc-
tural variant detection and mutational analysis
from DNA of tumor single cells as well as the
evaluation of intratumoral heterogeneity (De
Mattos-Arruda and Caldas 2015; Sumanasuriya
et al. 2017). From RNA-seq data, comparative
gene expression evaluation typically involves
some form of principal components analysis
(PCA) to identify cells with similar expression
profiles, comparative pathway analysis among
the different groups of cells obtained by PCA,
immune cell content and typing-based evalua-
tion of the tumormicroenvironment, and others
(Fig. 3; Brummelman et al. 2018; De Simone
et al. 2018; Zhu et al. 2018). Generally speaking,
these types of evaluations, whether they are from
DNA or RNA data (or both), have provided new
information from studies of recurrent tumors
(primary andmetastasis from the same patient),
in some cases with a known therapy interval
between the two tumors.

The interval between primary and recurrent
cancer has traditionally been monitored by im-
aging-based evaluation of patients at periodic
intervals. In the genomics era, and especially
with increasing numbers of cancer driver mu-
tations now known and/or characterized from
an individual patient’s cancer sample, new
methods for blood or other bodily fluids (cere-
bral spinal fluid, urine) to be assayed are emerg-
ing. As a result of the release of cell contents
during apoptosis, all cells in the body can re-
lease DNA into the circulation or adjacent bodi-
ly fluid as so-called “circulating free DNA” or
cfDNA. Also, cancers infrequently shed cells
into the circulation, known as circulating tumor
cells (CTCs) (Fig. 4). The technique of sampling
bodily fluids for the presence of CTCs, or spe-
cific DNA sequences released from cancer cells
is broadly referred to as “liquid biopsy,” and
some evidence exists to show that thesemethods
can provide information about recurrent cancer
in advance of imaging-based modalities. Al-
though these initial data are encouraging re-
garding the clinical application of cfDNA mon-
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itoring (Sakaeva et al. 2016; Taylor et al. 2016;
Garcia-Murillas and Turner 2018; Khan et al.
2018; Mansukhani et al. 2018), it also has been
shown that more advanced-stage cancers release
more DNA into the circulation than do early-
stage cancers. Nevertheless, as the approaches to
monitor cfDNA increase in sensitivity, early de-
tection may be possible (Taylor et al. 2016) and
is the source of significant commercial develop-
ment efforts.

CONCLUSIONS

Cancer genomics has changed our understand-
ing of howmodifications toDNA at the genomic
and epigenomic levels can lead to uncontrolled
cell division and drive neoplasia in most tissue
sites in which cancers have been diagnosed.

Extending our understanding of these changes
as they impact cancer biology has been enabled
by sequencing of various classes of RNA in the
cancer cell, integration of these data with identi-
fied DNA alterations, and abstraction of this in-
formation to the cellular pathways that drive
cancer when they are dysregulated. No doubt,
our knowledge of the cancer genome will con-
tinue to grow, and the associated data will be
mined with new tools and approaches of in-
creasing sophistication. Translating themethods
and analyses to the clinic already is benefitting
cancer patients by identifying the therapeutic
vulnerabilities in their cancer and permitting a
more genome-guided approach to treatment.
Although this is being predominantly applied
in the metastatic setting, there are targeted ther-
apies now approved for first line of treatment
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and increasing reports of the clinical benefit ob-
tained by tumor DNA analysis by NGS that will
drive insurance reimbursement over time. This
review sets the stage for numerous other works
in the literature that outline specific approaches
to the clinical translation of cancer genomics in
greater detail.
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