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Abstract

Massively parallel approaches to nucleic acid sequencing have matured from proof-of-concept to

commercial products during the past 5 years. These technologies are now widely accessible,

increasingly affordable, and have already exerted a transformative influence on the study of

human cancer. Here, we review new features of cancer genomes that are being revealed by large-

scale applications of these technologies. We focus on those insights most likely to affect future

clinical practice. Foremost among these lessons, we summarize the formidable genetic

heterogeneity within given cancer types that is appreciable with higher resolution profiling and

larger sample sets. We discuss the inherent challenges of defining driving genomic events in a

given cancer genome amidst thousands of other somatic events. Finally, we explore the

organizational, regulatory and societal challenges impeding precision cancer medicine based on

genomic profiling from assuming its place as standard-of-care.

Introduction

Our understanding of the human genome and the myriad ways its deregulation contributes to

human cancer is expanding rapidly as a result of remarkable advances in genome analysis

technologies. The most-established methods analyse genome copy number,1,2 single

nucleotide polymorphism content,3 or gene expression,4 by examining quantitative

hybridization of labelled nucleic acid fragments from a cancer and comparing the results

with representations of the normal genome on a bead or chip. Hybridization intensity at each

array element gives a relative measure of nucleic acid abundance. Hybridization conditions

can be adjusted to distinguish even single-base mismatches between tumour DNA and target

oligo-nucleotide, providing some information about sequence (for example, the presence of

a specific DNA sequence polymorphism or mutation). However, hybridization-based
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approaches are complemented and may soon be replaced by massively parallel sequencing

strategies,5 where tumour and normal reference DNA or RNA samples are converted into

libraries of billions of small nucleic acid fragments, the ends of which are sequenced using

these new technologies.6 The genomic locations of the ends of each clone are either

computationally mapped onto either the normal genome7 or reassembled de novo.8 Through

comparison to matched normal samples, these data identify mutations,9 genome copy

number changes,10 and structural rearrangements11 in the genome. Massively parallel

technologies can also be used with RNA as the input (RNAseq) and can not only quantify

gene expression,12,13 but also detect genomically encoded variants,14 alternative splicing,15

and transcribed fusion genes.16

These genome analysis techniques are now being used in international cancer genome

analysis efforts to catalogue aberrations driving the pathophysiology of nearly all major

cancer types. The Cancer Genome Atlas (TCGA) project17 and the International Cancer

Genome Consortium (ICGC)18,19 represent the largest of such efforts. The TCGA project is

assessing aberrations in 500 to 1,000 tumours from each of approximately 20 major human

cancer types. The TCGA and ICGC together are currently committed to analysis of

approximately 47 separate tumour lineages. Importantly, the results from these projects are

being made widely available for community interpretation in near real time. Prototypical

results for glioblastoma,20 serous ovarian cancer,7 colorectal cancer,21 squamous-cell lung

cancer,22 and breast cancer are already available from the TCGA project, and other

technology centres around the world have contributed studies of cancers of the pancreas,23

prostate,24 lung,25 kidney,26 melanoma,27 myeloma,28 and acute myeloid leukaemia

(AML),29 to name a few. The breast cancer genomic landscape has been particularly well

defined.30–38 As the cost decreases and the reliability of genome-scale analysis technologies

increases, such studies become possible in an increasing number of research and clinical

settings. In this Review article, we discuss the current challenges, which include functional

interpretation of the results; management and interpretation of the resulting large-scale data

sets; and development of genome analysis-based studies that result in clinically validated

strategies for precision cancer treatment.

Pace of discovery and translation

The first human genome was sequenced to about 85% completion at a cost of hundreds of

millions of dollars and required more than a decade of cross-institutional work.39,40 Today,

we can realistically expect a single user to sequence the coding portion of the genome

(hereafter referred to as the exome) for about US$1,000 in a few hours using a tabletop

machine.41Figure 1 summarizes some of these technologies. As a consequence of these and

other advances, the rate at which genome discoveries are being translated to clinical practice

is accelerating (Table 1). We required nearly three decades to leverage the discovery of the

Philadelphia chromosome encoding BCR–ABL41 into the approval of imatinib for the

treatment of chronic myeloid leukaemia.43 By comparison, crizotinib43 was approved for the

treatment of non-small-cell lung cancer (NSCLC) harbouring EML4–ALK translocations less

than 4 years from the discovery of EML4–ALK44 as a recurrent driver aberration. However,

the success rate for the development of approved drugs for cancer is still disappointingly

low.46 New strategies are needed to efficiently identify molecular signatures associated with
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therapeutic response. Here, we describe international efforts underway to catalogue omic

aberrations in major cancer types, summarize their incipient impact on cancer management,

and discuss the challenges that impede translation of genomic discoveries into improved

cancer care. We focus on genomic aberrations, while recognizing that epigenomic

aberrations46 and microenvironment changes47 likely have equally important roles in the

genesis and progression48 of many malignancies.

Lessons learned

International cancer genomics efforts have demonstrated several general and noteworthy

features of cancer genomes.

Driver aberrations

A typical solid tumour can contain tens to thousands of genomic aberrations that include:

somatic and germline changes in copy number (gain, loss, homozygous deletion and high-

level amplification) that increase or decrease the levels of important coding and noncoding

RNA transcripts; somatic mutations and naturally occurring polymorphisms that alter

protein structure, protein stability and/or change the way transcripts are spliced; and

structural changes (such as translocations, deletions or inversions) that change transcript

levels by altering gene-promoter associations or creating new fusion genes. These changes

include ‘driver’ aberrations selected for during tumour progression that enable oncogenesis,

progression or other cancer hallmarks.50 Driver aberrations exist alongside ‘passenger’

aberrations that do not contribute to cancer pathophysiology but arise by chance in an

unstable tumour. Cancer hallmarks that may be deregulated by driver aberrations include

aspects of cell proliferation, death, motility, angio-genesis, differentiation, DNA replication

and repair, and senescence. The Sanger Institute now maintains a searchable, up-to-date

catalogue of somatic mutations in cancer.51 Driver aberrations are thought to modulate the

behaviour of three classes of cancer genes: oncogenes, tumour-suppressor genes, and DNA-

integrity genes.52

Oncogenes contribute to the cancer phenotype when their activity is enhanced, usually by

constitutive activation by missense mutation or overexpression caused by gene

amplification. Examples of oncogenic aberrations include recurrent mutations affecting

KRAS, BRAF, EGFR, and PIK3CA, amplifications in HER2 and MYC, and fusion genes

involving MYC, ABL, ETS family transcription factors and ALK.52 The products of

oncogenes are attractive therapeutic targets because inhibition of these aberrant or

overabundant proteins is likely to either reverse the oncogenic effect of the driver gene or

result in the death of cancer cells addicted to these aberrations.53 Driver mutations now

being discovered tend to occur at a low frequency (often <5%),54,55 which indicates the

efficiency of past, biologically motivated studies in the identification of genes capable of

cellular transformation.56 However, important mutations in BRAF in hairy-cell

leukaemia,57GRM357 and TRAPP58 in melanoma, and IDH1 in glioblastoma59 and AML60

were discovered in large-scale sequencing studies and are present in meaningfully large

fractions of these tumour types.
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Tumour-suppressor genes typically act as negative regulators of cancer hallmarks such as

cell-cycle progression and intracellular signalling, so that their loss or inactivity contributes

to cancer progression. Classic examples of tumour-suppressor genes that are inactivated by

genomic aberrations include RB1, TP53, NF1, APC, and CDKN2A. Inactivation of a single

allele contributes to cancer pathophysiology via haploinsufficiency in some cases, but

pronounced phenotypes usually result from inactivation of both tumour-suppressor gene

alleles.62 Aberrations in apparent tumour-suppressor genes recently discovered in large-

scale cancer genome studies involve the chromatin modification genes SMARCA4, UTX1,

SETD2, KDM5C,26PBRM162 and ARID1A.64 It is generally more difficult to develop

therapeutic strategies to attack cancers associated with mutations in tumour-suppressor

genes since this often requires restoration of function of the wild-type gene, an inherently

more difficult task than inhibiting an activated kinase, for example.

DNA integrity genes are involved in aspects of DNA repair or replication. Deregulation of

these genes can result in chromosome instability and/or inability to repair some classes of

DNA damage. The end result is either a rearranged cancer genome with copy number

changes and translocations though the chromosomal break-fusion-break cycle or many point

mutations in an other wise diploid genome, or both. Prototypical examples include

mutations of BRCA1, BRCA2, ATM, MSH2, MLH1, and XPA that lead to cancer hyper-

mutation phenotypes. A mutation in PALB2 in hereditar y and spontaneous pancreatic

cancers is another such example.65 Aberrations involving these genes are often germline and

contribute to cancer susceptibility in kindred, but also occur somatically outside of cancer-

prone families. Some therapeutic agents attempt to exploit the inability of cancer cells to

repair some classes of DNA damage, a so-called synthetic lethal relationship.66 For

example, small-molecule inhibitors of poly(ADP-ribose) polymerase (PARP) sensitize

cancers carrying BRCA1 and/or BRCA2 mutations to chemotherapy,67 taking advantage of

the fact that the cells with BRCA1 and/or BRCA2 mutations are not able to repair DNA

damage induced by chemotherapy by homologous recombination.

Intertumour heterogeneity

The view of the cancer genome that is now emerging from the TCGA and other studies is

that the number of genes involved in the genesis of an individual tumour is the sum of the

few common drivers (about which much is known), plus tens to thousands of plausible

driver aberrations that occur rarely or are idiosyncratic to an individual tumour and about

which little is known.7,20,22 It is likely that the ensemble of aberrations in each individual

tumour collaborates in myriad ways to deregulate common signalling pathways, thereby

enabling established cancer ‘hallmarks’.

Intertumour heterogeneity is likely caused by the stochastic nature of genome damage that

occurs during passage through telomere crisis,68 differences in tumour-initiating insults,

immune surveillance and other aspects of biology that influence cancer progression, and

differences in the normal progenitor cell in which each cancer originates. The impact of the

outside world is particularly clear; cancers associated with carcinogen exposure (for

example, melanoma,9 lung cancer,22 and skin cancer69) typically have much higher

mutation rates than childhood and haematological malignancies.61 In what might be the
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strongest anti-smoking message yet, an unlucky 40 pack-year smoker can expect about 10

mutations in their squamous-cell lung cancer genome per cigarette smoked.22 Likewise, the

age of the cell from which a cancer originates also likely impacts the number of mutations

present.70 Recent DNA sequence-based genome surveys demonstrate that information on

cancer aetiology can be gleaned from the nature of the associated mutations. For example,

mutations caused by alkylating agents typically demonstrate a greater proportion of base

transversions than those induced by exposure to UV radiation or smoking.9,69

Importantly, driver abnormalities tend to be specific to a type of cancer. Translocations, for

example, are common in haematological tumours and lymphomas, and mutations and copy-

number changes may have a more limited role.70 Somatic mutations are more frequent in

epithelial cancers than in haematological malignancies and are often specific to a given

carcinoma or subtype of cancer. KRAS mutations occur frequently in pancreatic and

colorectal cancer,71,72 whereas NRAS and HRAS are commonly mutated in melanoma73 and

bladder cancer,74 respectively. TP53 mutations occur in many cancers, but are nearly

universal in serous ovarian cancer 7 and most squamous-cell carcinomas.69,75EGFR

mutations occur in subsets of lung adenocarcinomas76,77 and glioblastoma.78PIK3CA

mutations tend to occur preferentially in oestrogen receptor-positive breast cancer, while

TP53 mutations occur more frequently in oestrogen receptor-negative breast cancer.32,36,79

The spectrum of copy number abnormalities also varies between tumour types.

Glioblastoma20 and luminal A breast cancer 80 typically show relatively few genome copy

number changes, but serous ovarian cancers7 and basal-like breast cancers show many.32

The prevalence of specific aberration type is likely determined at least in part by the

epigenetically determined regulatory structures that must be deregulated to enable cancer

tumour formation.

Intratumour heterogeneity

Substantial genomic heterogeneity exists even within individual tumours. This heterogeneity

is revealed using massively parallel sequencing-based approaches that detect even very-low-

abundance aberrations in individual tumours and is thought to arise as a result of clonal

divergence during tumour progression.81,82 In the most parsimonious hypothesis,

aberrations that occur early in tumour progression appear in most cells of the tumour, while

later-occurring aberrations appear only in a subpopulation of the tumour.29,79 Ding et al.81

showed individual, somatically mutated alleles to be present in anywhere from 5% to 90%

of recovered sequencing reads from a primar y tumour, implying the presence of complex

subclonal populations in the tumour. Navin et al.83 profiled many single nuclei from two

distinct breast carcinomas; they showed that while one carcinoma was comprised of a nearly

uniform dominant population, the other carcinoma had several related but independent

subclones, all apparently coexisting at a single anatomic site.83 In the most compelling

example of the importance of tumour heterogeneity within a single patient, Gerlinger et al.84

showed that subclones of an individual kidney cancer co-evolve to inactivate tumour-

suppressive pathways in different ways.84 This intramalignancy heterogeneity is likely the

result of instability during tumour progression, generating the critical population diversity

needed to evolve resistance to therapy. It also signals a formidable adaptive capacity of

cancer genomes that must be incorporated into any molecular treatment strategy.85
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These findings have important therapeutic ramifications, since the opportunity for the

emergence of resistant subclones is almost certainly related to the diversity of the treated

population.86 In treating metastatic cancer, oncologists often base treatment decisions on the

genomic features of the primary tumour. How tumours evolve over time and under the

selective pressure of effective therapy is an active area of research.87 One concept to

organize thinking about heterogeneity in cancer has been introduced, modelled on central

precepts in organismal evolution. In this model, individual cells or anatomical areas of a

given patient's cancer can be categorized as either ‘palm trees’ or ‘oak trees’ based on the

shape of the phylogenetic trees that describe their shared and derived genomic traits (Figure

2).88 The palm tree model describes relatively late divergence enforcing similarity between

primary and metastatic cancers within an individual. By contrast, the oak tree model

suggests early genomic divergence, such that the primary tumour and dispersed metastatic

lesions can differ substantially both in genome content and, by extension, cellular response

to therapy.

In tumours with early genomic divergence (that is, oak trees), it may be critical to identify

and therapeutically target genomic aberrations arising early in the evolutionary process (that

is: founder mutations) otherwise transient clinical responses will give way to inevitable drug

resistance. The order of occurrence of aberrations can be inferred from longitudinal studies

of tumour progression89 or by analysis of the interplay between somatic mutations and

genome copy number changes in individual tumour samples.69,83 The spectrum of

aberrations also may differ between metastatic lesions within an individual patient,90

indicating that different lesions within one patient may evolve independently once they

escape from the primary tumour, as illustrated in Figure 2.

The origin of heterogeneity between a given patient's unique tumour genomes is likely

multifaceted. Ongoing selective pressures are applied to tumour cells at both the primary79

and metastatic81 sites. Omic events that are essential for tumour initiation may be

dispensable, or even deleterious, in the progression or metastatic process. Further

longitudinal studies of the cancer genome will educate both our treatment as well as our

screening and post-operative surveillance approaches.

Therapeutic targeting

Precision cancer treatment is based on the concept that tumour cells with specific aberrations

will respond homogeneously to aberration-specific treatments. The identification of

recurrent genome aberrations that define cancer subsets has led to the approval of therapies

that target the aberrant genes or pathways deregulated by the aberrations (Table 1).

Recurrent aberrations now being discovered by international cancer genome efforts present a

growing number of new therapeutic targets. Some abnormalities occur frequently, especially

within a given tumour type.91 However, many more occur at relatively low frequency in

individual tumour types.55 The latter observation suggests an omic aberration-centric rather

than a histology-centric approach to therapeutic development will be successful, based on

the logic that a druggable aberration present at low frequency in many tumour types is still

an attractive therapeutic target when aggregated across diseases. The success of crizotinib in

ALK rearranged NSCLC and lymphoma supports this notion,92 but the relative inefficacy of
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vemurafenib in BRAF V600E-mutant colon cancer 93 reinforces the message that not every

mutant kinase detected is an indication for a drug in all tumour types. Finally, some genes

have apparently opposing roles in oncogenesis. The Notch family of receptors is one such

example, being mutated with high frequency in both haematological cancers94 and

squamous-cell carcinomas.75,95 The mutations activate the receptor in the former scenario

and inactivate it in the latter (Figure 3), reminding us that context matters, and functional

characterization must follow omic discovery for therapeutic benefit to emerge.

A major challenge in assessing individual genome aberrations as potential therapeutic

targets is our limited understanding of their roles in cancer pathophysiology. Cancer depends

on some aberrations so strongly that therapeutic intervention results in a strong and

clinically meaningful apoptotic response. Other driver aberrations influence cancer

hallmarks such as motility and proliferation so that therapeutic interventions may not

translate into even short-term improvements in outcome. Conversely, others may lead to

terminal differentiation that may not result in immediate tumour regression, but still

profoundly increase long-term survival. In addition to these protein-driven changes, other

genetic aberrations likely have effects on the epigenome63 or RNA splicing,96 and lack

obvious phenotypical criteria to functionally assay at present. Our clinical trials need

flexibility beyond the standard assessment tool of Response Evaluation Criteria In Solid

Tumors (RECIST) to encompass these possibilities. Early examples to guide us include

metabolic imaging97 or assessment of circulating cells98 as embedded correlates in clinical

trials.

Pathway-based genomics

The concept that many diverse events in many tumours converge on common pathways to

achieve discrete hallmarks suggests the possibility of managing heterogeneity between and

within cancers by organizing the spectrum of aberrations within an individual tumour into

deregulated pathways. A growing number of pathway analysis tools are now becoming

available to organize diverse candidate driver aberrations into functional networks.99–105

Several recent publications document this approach.7,106,107 They typically either identify

pathways curated from the literature that harbour more genomic aberrations than would be

expected by chance, or use genomic information to calculate pathway activity scores that

take into account the regulatory ‘directionality’ that is known from the curated literature.

Figure 4 shows a recent example of the use of genomic information to calculate pathway

activities for more than 1,400 pathways. This information was combined into one

superpathway identifying subnodes that differ in activity between two comparison

populations (for example, tumour versus normal or drug responsive versus drug resistant).

Although promising, the experimental validity of postulated networks and the evidence

linking them to specific cancer hallmarks—especially hallmarks other than those involving

survival and proliferation—so far is modest. Substantial work will be needed to fully

validate this approach, but it is worth the effort since it provides a framework on which to

organize an otherwise unmanageably large number of aberrations. Organization of

aberrations into networks facilitates drug development because it guides development of

therapies that attack common networks, often in different ways. The number of important

networks that are deregulated by genome aberrations may well be manageably small, but the
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number of mechanisms by which genome aberrations can deregulate these pathways is

enormous. Several large-scale systems biology efforts are now underway to identify and

validate regulatory networks that are deregulated by genomic aberrations, and to use this

information to guide the development of pathway-targeted therapies.99,106,108

Genome diagnostics

Identification and validation of a druggable genomic aberration or pathway it deregulates

sets the stage for a clinical trial designed to attack the aberration. This development requires

molecular assays to identify the tumours harbouring the target aberration or deregulated

pathway. This task is relatively straightforward if the target is a single genomic aberration,

such as those listed in Table 1. In these cases, well-established single gene or protein assays,

such as immunohistochemistry, PCR and/or fluorescence in situ hybridization (FISH), can

be applied and interpretation is straightforward. These assays typically are amenable to

tissue prepared for standard histopathological analysis (that is, formalin-fixed and paraffin-

embedded samples). Many single-gene assays are now routine (for example, FISH-based

tests109 for translocations and amplifications) and an increasing number of laboratories are

providing services that assay for actionable mutations.110,111

Assay development is somewhat more difficult if the target is a deregulated pathway defined

by a multigene signature requiring an interpretative algorithm that converts the

measurements into a metric of pathway activity, or score. A few multigene assays are now in

routine use.112 In all cases, assays require careful standardization and validation—especially

if they are to be used in ways that impact patient management. Unfortunately, we have not

done well coordinating co-development of diagnostics alongside therapeutics, especially for

early phase trials where the targeting concept may come entirely from preclinical studies.113

Strategies for simultaneous development of markers and therapies will continually be

refined in coming years. In the meantime, it is important that the information and algorithms

used for marker development be available for independent scrutiny.

The genomic ‘call’

It seems feasible to soon analyse transcriptional changes, copy-number abnormalities and

mutations in a few genes or the entire exome in individual tumours overnight at reasonable

cost. We can do so using samples consisting of only a few thousand cells and in formalin-

preserved materials. The cost of sequencing is dropping so quickly that storing and

interpreting data will soon exceed the cost of producing it. Thus, fairly complete genomic

analysis of individual tumours seems likely to become a part of the standard-of-care. The

utility of such data is only realized when a medical professional changes a medical decision

as a result of the genomic ‘call’. Therefore, it is important that researchers in and around the

clinical arena identify the real challenges facing implementation of personalized medicine in

the coming years. These challenges are many but, in our opinion, the ones with the most

impact are: secure and confidential data storage, development of widely available strategies

to interpret large-scale genomic data in actionable format, appropriate regulation of genomic

testing so that progress continues without harm to patients, and, finally, understanding the

impact of treatment on underlying genomic and biological heterogeneity.
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Most clinicians (as well as most basic scientists) lack the training to interpret the huge

amounts of raw data produced by new sequencing technologies and many institutions are ill-

equipped to manage it safely and confidentially: it is a daunting prospect. The amount of

data generated by full genome sequencing could exceed 1,000 petabytes per year if full

genome sequencing becomes part of the standard-of-care. By comparison, Google is

estimated to process only about 24 petabytes of user-generated data per day. These data

must be managed securely, properly compressed, linked to metadata, clinically interpreted

and distributed to the medical community under increasingly strict privacy requirements.114

Gaining full benefit from these data will require a substantial infrastructure that does not

currently exist. Acquisition, storage, disseminated analysis and convergent communication

of large datasets are commonplace in large physical sciences projects and such efforts

provide useful templates for the biomedical community.115

Once data is interpreted, it is essential that user interfaces succinctly and accurately

communicate results from omic testing to the treating physician and patient without

oversimplifying the underlying message. Centralizing and standardizing key aspects of

interpretation (for example, mutation calling) will simultaneously allow for quality control

as well as foster the building of large disease databases for cross-centre and cross-disease

comparisons of the interplay between genotype, treatment and clinical outcome. Although

daunting, early examples of feasibility already exist. For example, Jones et al.116

demonstrated that medical interpretation of RNA and DNA sequencing can lead to

meaningful treatment outcomes, in this case for a single patient with a rare

adenocarcinoma.116

Genomic cancer data comes from nucleic acids, which (usually) come from biopsies.

Practicing clinicians are intimately involved in the crucial biopsy acquisition decision. In a

patient considering therapy for metastatic cancer, often recurrent after an initial resection,

this decision is often summarized as whether to rebiopsy a metastatic site or to rely on the

primary (resected) tissue for omic analysis. The heterogeneity of cancer within an individual

supports the rebiopsy approach for many reasons. Interestingly, the known heterogeneity of

oestrogen receptor, progesterone receptor, and HER2 status in breast cancer has made

rebiopsy of metastatic sites common,117,118 whereas most clinicians rely on a resection

sample for KRAS genotyping in colorectal cancer. Since so many parties (surgeons,

radiologists, pathologists, and so on) are involved in the treatment decisions that

increasingly rely on genomic results, we should agree that the rebiobsy approach is the right

one and obtain tissue as proximate to the current treatment arena as possible. This approach

will increase the accuracy and relevance of omic findings in a particular patient's tumour and

hopefully make the increased costs and inconvenience of a repeat biopsy worthwhile.

Finally, our understanding of the clinical consequences of genomic heterogeneity is limited.

Modern single molecule-based genomic analysis tools provide the ability to detect

heterogeneity in aberration content within and between lesions in a single patient. What is

lacking is a strategy for when an actionable aberration or aberrant pathway is detected in a

small fraction of tumour cells in a patient. Answering this question will require that large-

scale genome analyses that are sensitive to low-frequency aberrations be applied to

pathway-targeted trials, in order to impact on outcome. These trials will require a substantial
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commitment to genome analysis by the international clinical trials and genomic science

communities alike.

Conclusions

In summary, the advent of technologies to read and enumerate nucleic acids is seeing the

cancer genome yield some long-held secrets. After over a century of preamble, cancer

biology is only now compiling its first complete set of ‘mission statements’, as landmark

genomes of each cancer type are systematically deciphered. The charge going forward is no

longer to read the genome, but to understand the differences between causal and benign

mutations in a given cancer, between mutations that occur in most tumours and those that

occur in most cells of a single tumour, and finally to develop treatments to counteract these

abnormalities, at the levels of the gene, cell, tissue and patient.
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Key points

• The past decade of studying the cancer genome has resulted in major

breakthroughs in the treatment of cancers, such as leukaemias, breast and lung

cancers and melanoma

• Advances in sequencing now allow interrogation of cancer genomes both

broadly, by assessing many genes in many samples, and deeply, by assessing

variations within a specific gene in a single sample

• Atypical tumour may carry a few well-understood driver aberrations and tens to

thousands of poorly understood aberrations that may collaborate in the

development of each individual cancer phenotype

• Organizing the myriad genomic aberrations in an individual tumour onto a

limited number of affected pathways may guide development of pathway-

targeted therapies

• By expanding our definition of driver aberrations to include those that influence

genome stability, chromatin structure, differentiation, RNA processing and

beyond, we may increase successes in developing novel therapeutic strategies

• Future challenges include data storage, distribution, analysis and the necessity to

update regulatory models; developers, regulators, clinicians, patient advocates

and others must approach this exciting time with flexibility and creativity
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Review criteria

Review of the biomedical literature was conducted in English via PubMed covering the

years 1980 to 2012. Search terms used were “cancer genome”, “next-generation

sequencing”, “predictive biomarkers”, and “clinical genomics”.
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Figure 1.
Heterogeniety in Cancer. A breast cancer patient has a primary breast tumor, consisting of

three sections (P1, P2, P3), and metastases in the brain (MB), liver (ML) and hip bone

(MO). While all the tumors from all sites are related, and differ from the germline genome,

their degree of relatedness can be interrogated with genome evaluation. Conceptual patterns

of relatedness emerging are those malignancies that continue to evolve as they metastasize

or in response to treatment (the Oak tree model), or those that are more uniform(the Palm

tree model).
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Figure 2.
Gain of function mutations in Notch genes are recurrent in T-ALL whereas loss of function

mutations predominate in squamous cell cancers of the skin, lung and head and neck.
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Figure 3.
PARADIGM approach to pathway analysis of a drug sensitive vs. drug resistant population

of patients.
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Figure 4.
An example of an integrative approach to pathway analysis of a drug-sensitive versus drug-

resistant population of patients.
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