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Cancers evolve by a reiterative process of clonal expansion, genetic diversification and clonal selection within the adaptive 
landscapes of tissue ecosystems. The dynamics are complex, with highly variable patterns of genetic diversity and 
resulting clonal architecture. Therapeutic intervention may destroy cancer clones and erode their habitats, but it can 
also inadvertently provide a potent selective pressure for the expansion of resistant variants. The inherently Darwinian 
character of cancer is the primary reason for this therapeutic failure, but it may also hold the key to more effective control.

Clonal evolution in cancer
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Cancer is a major cause of death throughout the world and, 
despite an extraordinary amount of effort and money spent, 
the eradication or control of advanced disease has not been 

achieved1. Although we have a much greater understanding of can-
cer biology and genetics2, translation into clinical practice needs 
to allow for the cellular complexity of the disease and its dynamic, 
evolutionary characteristics. These features provide both barriers 
to, and opportunities for, successful treatment. 

In 1976, Peter Nowell3 published a landmark perspective on cancer 
as an evolutionary process that is driven by stepwise, somatic-cell 
mutations with sequential, subclonal selection. This is a parallel to 
Darwinian natural selection, with cancer clones as the equivalent 
of asexually reproducing, unicellular quasi-species. Modern cancer 
biology and genomics have validated cancer as a complex, Darwin-
ian, adaptive system4,5 (Box 1 and Supplementary Information). 

Cancer-clone evolution takes place within tissue ecosystem habi-
tats. These habitats have evolved over a billion years to optimize 
multicellular function but restrain clonal expansion of renegade 
cells. However, the resilience of multicellular and long-lived animals 
depends on the phenotypic properties that, if not tightly regulated, 
drive or sustain malignancy: that is, cellular self-renewal and stabi-
lization of telomeres, which allow extensive proliferation, angiogen-
esis, cell migration and invasion6.

The long time period usually required for cancer symptoms to 
emerge and the complexity of the resultant mutations is, in part, 
a reflection of the sequential and random searches for phenotypic 
solutions to constraints from the micro-environment. The evolu-
tionary progression of cancer is usually stalled or aborted, as shown 
by the high frequency of clinically covert premalignant lesions7–9. 
Cancer-suppressive mechanisms relegate most cancers to old age, 
when they have little effect on the reproductive fitness of their hosts.

Limited resources, environment architecture and other constraints 
of the micro-environment limit the size of solid tumours at every 
stage of their progression. Even advanced malignancies can show 
Gompertzian growth10 — the cancer cell doubling time (around 
1–2 days) is orders of magnitude faster than tumour doubling time 
(around 60–200 days)10 — implying that the vast majority of cancer 
cells either die before they can divide11 or are kept from dividing by 
the tumour micro-environment. Thus, natural selection in tumours, 
in the same way as selection in organisms, takes place through com-
petition for space and resources.

Oncologists change cancer-clone dynamics by introducing a 
potent source of artificial selection in the form of drugs or radiation, 
but evolutionary principles still apply. Usually, treatment will result 

in massive cell death, which provides a selective pressure for the 
proliferation of variant cells that resist treatment (the mechanisms 
for this are discussed later). Furthermore, many cancer therapeutics 
are genotoxic; cells surviving treatment, which could then go on to 
regenerate the cancer, may have mutated further, resulting in cells 
with improved fitness and malignant potential. 

The tools of and insights from evolutionary biology and ecology 
can therefore be applied to the dynamics of cancer before and after 
treatment to explain the modest returns from cancer therapy. We 
show that cancer is an inherently evolutionary process and suggest 
alternative strategies for effective control.

Mutational drivers and clonal dynamics
The basic principle of a Darwinian evolutionary system is the 
purposeless genetic variation of reproductive individuals who are 
united by common descent, together with natural selection of the 
fittest variants. Cancer is a clear example of such a system. Most 
mutational processes have a bias at the DNA sequence level. The 
particular mutational spectra in a cancer cell can be a reflection of 
error-prone repair processes or associated with a genotoxic exposure 
(for example, cigarette carcinogens, ultraviolet light and chemother-
apeutic drugs2). The patterns of genetic instability (chromosomal 
or microsatellite) in cancer cells may reflect exposure to, and the 
selective pressure exerted by, some classes of chemical carcinogens2. 
Nevertheless, for the functions encoded in genes, mutagenic pro-
cesses are essentially blind or non-purposeful (with the exception 
of intrinsic mutagenic or recombinatorial enzymes preferentially 
targeting lymphoid immunoglobin or T-cell receptor genes12). The 
recurrent, mutation-endowed fitness traits in cancer reflect the 
potent impact clonal selection can have.

Clones evolve through the interaction of selectively advantageous 
‘driver’ lesions, selectively neutral ‘passenger’ lesions and deleterious 
lesions (a ‘hitchhiker’ mutation in evolutionary biology is equivalent 
to a passenger mutation in cancer biology). In addition, ‘mutator’ 
lesions increase the rate of other genetic changes13,14, and micro-
environmental15 changes alter the fitness effects of those lesions. 
The identification of driver lesions is supported by the independent 
observation that these lesions occur more frequently in multiple 
neoplasms than would be expected in the normal background muta-
tion rate, that they are associated with clonal expansions16,17 and 
from the type of mutation seen (missense, nonsense, frameshift, 
splice site, phosphorylation sites and double deletions)18–20, par-
ticularly if the gene involved has a known role in cellular processes 
relevant to oncogenesis. The evidence gained from genetic studies 
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of human tumours should be corroborated with functional tests and 
animal models. Passenger lesion status can also be ambiguous or 
context-dependent: for example, cases of monoallelic loss that only 
impact on function when the second allele of the same gene is lost, 
mutations that only cause a phenotypic effect when another gene 
locus also mutates, or cases in which the mutants are functionally rel-
evant only in the context of therapeutic responses involving that gene.

Only a few studies have attempted to quantify the selective advan-
tage provided by driver mutations. Bozic et al.21 (using a non-spatial 
population genetics model of sequential, exponential clonal expan-
sion) derived a formula for the proportion of expected neutral pas-
senger mutations versus the proportion of selectively advantageous 
driver mutations as a function of the selective advantage of the driver 
mutations. By fitting this equation to glioblastoma and pancreatic 
cancer resequencing data, the authors estimated that driver muta-
tions gave an average fitness advantage of only 0.4% (ref. 21). To 
measure the mutant clone selective advantage directly would require 
longitudinal samples of a neoplasm and estimation of the clone sizes 
at each time point.

The dynamics of somatic evolution depend on the interaction of 
mutation rate and clonal expansion. Mutation rate varies substan-
tially between different genomic regions22 and between different 
types of abnormality (for example, single-base sequence changes 
versus balanced chromosomal rearrangements and gene fusions), 
and mutation rates will increase by the instigation of genetic instabil-
ity23–25. The rate of epigenetic change has been estimated to be orders 
of magnitude higher than that of genetic change26, and could be a 
major determinant of clonal evolution. Natural selection affects epi-
genetic variation within neoplasms27, because epigenetic changes are 
inherited at cell division and can affect cell phenotypes. Evolution-
ary biology tools to address many of these mutation rate complexi-
ties exist (see Supplementary Information), but these remain under 
used in cancer biology28. The traditional model of clonal evolution 
suggests that a series of clonal expansions grows to dominate the 
neoplasm (‘selective sweeps’)16,21,29, but this can occur only if the 
time to the next driver mutation is longer than the time required for 
a clone to sweep through the neoplasm. In addition, if the second 
mutation occurs in a competitor clone, the expansion of both clones 
is restrained by mutual competition (known as clonal interference)30. 
Given the large population size and high mutation rate typical of 
neoplasms, clonal competition is probably common31,32. This issue 
is best addressed by serial sampling, and limited data suggest that 
parallel clonal expansions occur before subclones begin to domi-
nate in early cancer development33–35. Initial evidence indicates that 
large clonal expansions after cell transformation are rare26. Direct 
evidence, from serial sampling of oncogenic mutations in advanced 
disease36, metastasis37 or post-chemotherapy relapses (see Supple-
mentary Information), indicates selective sweeps originate from 
pre-existing genetic variants or subclones.

Punctuated equilibrium versus gradualism
The argument of gradualism versus punctuated equilibrium38 (a 
longstanding debate in species evolution) has recently emerged in 
the consideration of the clonal evolution of neoplasms. It is unknown 
whether malignant clones, with their markedly altered genomes, 
evolve gradually through a sequence of genetic alterations and 
clonal expansions; accumulate many lesions over time in a rare, 
undetected subclone that finally appears in a clonal expansion; or 
have a few, large-scale punctuated changes, possibly prompted by 
an acute insult or a single, catastrophic mitotic event that generates 
multiple lesions across the genome (or on a single chromosome, 
known as chromothripsis)39. Evidence of tens of non-synonymous 
mutations in cancers was interpreted under the assumption that 
they were generated by tens of clonal expansions29. Reconstruction 
of genealogies of neoplastic clones, based on genetic heterogene-
ity within neoplasms, suggests that clones with ancestral genomes 

are not driven to extinction by later clonal expansions31–33, which 
allows the history of a neoplasm to be revealed. Breast cancer data32 
have shown that clones with intermediate genotypes are difficult to 
detect; each clone generates a cloud of genetic neutral or non-viable 
subclone variants around it. A study of B-cell chronic lymphocytic 
leukaemia40 suggests that intermediate clones can be detected, but 
at a frequency of <0.001, which was below the detection threshold 
of the breast cancer study32. Intermediate clones may be rare because 
they have had limited potential to expand or because they were once 
common but were outcompeted by more recent clones.

The frequency of premalignant clonal lesions (or carcinoma in 
situ) substantially exceeds clinical cancer rates7–9. This, as well as 
cancer dormancy41 and genetic reconstitution of clonal histories37, 
indicates that cancer clones have long periods of stasis. However, 
cancer-clone evolution probably passes a point of no return, possibly 
at the metastatic growth stage. If unlimited proliferative capacity 
is guaranteed by telomere stabilization25, then clonal expansion is 
stopped only when the size threatens the life of the patient. When 
provided (albeit rarely) with the routes for dissemination and immu-
noselection, cancer cells can have a parasite-like immortality and can 
re-establish themselves in other individuals6,42,43.

The cancer ecosystem
Tissue ecosystems provide the venue and determinants for fitness 
selection (the adaptive landscape44). Tissue micro-environments are 
complex, dynamic states with multiple components that can influence 
cancer-clone evolution (Fig. 1). For example, transforming growth 
factor-β is a cancer-ecosystem regulatory molecule45. Other cellular and 
cytokine components of inflammatory lesions are potent and common 
modulators of the cancer-cell ecosystem25.

The interaction between cancer cells and their tissue habitats is 
reciprocal. Cancer cells can remodel tissue micro-environments and 
specialized niches to their competitive advantage46. Cancer-clone 
expansion is controlled by architectural constraints or barriers, such 
as sequestration of stem cells into crypts in the gastrointestinal tract47 

•	 Cancers exist in a variety of taxonomic quasi-classes, genera, 
species, characterized by divergent cells of origin and 
mutational spectra. Each cancer is unique.

•	 Cancers evolve over a variable time frame (anywhere from 1 to 
50 years), and the clonal structure, genotype and phenotype 
can shift over time in each patient. Each cancer is, in effect, 
multiple different (subclonal) cancers that occupy overlapping 
or distinct tissue habitats.

•	 The number of mutations in a cancer can vary from a handful 
(10–20) to (the more usual) hundreds or thousands. The great 
majority are passengers, and a modest, but undefined, number 
are functionally relevant drivers. The mutational processes are 
very diverse.

•	 Cancers acquire, through mutational and epigenetic changes, 
a variety of phenotypic traits that compound to allow territorial 
expansion, by proliferative self-renewal, migration and invasion 
— properties that are cruical to normal developmental, 
physiological and repair processes.

•	 Advanced, disseminated or very malignant cancers seem to be 
almost uniquely competent to evade therapy.

•	 Most, if not all, of this complexity can be explained by classical 
evolutionary principles.

BOX 1 

Cancer as a complex 
system
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and the need for external signals for proliferation and cell survival. 
However, some micro-environmental components can promote 
neoplastic cells; for example, infiltrating macrophages and neovas-
cularization, in response to anoxia, can support neoplastic cell sur-
vival and proliferation. Mathematical modelling shows cancer-clone 
evolutionary selection for more robust or malignant phenotypes is 
less likely in more stable or homogeneous micro-environments48. 
Spatial heterogeneity of resources in the primary tumour selects 
for cell migration and emigration, which may explain why there is 
selection for metastasis49. Preclinical models have suggested that 
normalizing the resources across the primary tumour can suppress 
metastasis50. As clones and subclones expand, migrant cells invade 
new habitats within and between tissues, in which they experience 
new selective pressures that can cause further cancer-cell diversity. 
This malignant feature, and its associated morbidity, characterizes 
end-stage cancer. 

Cancer-cell habitats are not closed systems. The tissue ecosystem, 
in addition to regulation by systemic factors (such as nutrients and 
hormones) or invasion by inflammatory or endothelial cells, is 
modified by external factors. As well as the tissue site, the ecosys-
tem for each cancer includes environmental, lifestyle and associated 
aetiological exposure of the patient. Genotoxic exposure (such as, 
cigarette carcinogens or ultraviolet light), infection, and long-term 
dietary and exercise habits that affect calorie, hormone or inflam-
mation levels can have a profound effect on the tissue micro-envi-
ronments, as well as directly on cancer cells (Fig. 1). These factors 
are the aetiological link to the initiation or progression of cancer, 
and without such modulating exposure, the risk of cancer-clone 
initiation and evolution would be reduced. 

Cancer-tissue ecosystems can be radically altered after 
chemotherapy or radiotherapy. Most cancer cells may be deci-
mated, but the remodelled landscape creates new selective pressures, 
resources and opportunities that may allow pre-existing variant can-
cer cells that survived treatment to emerge. Crucially, stroma or spe-
cialized habitat niches may protect cancer cells against the therapy51.

Cancer genomics and clonal architecture
Cancer-genome sequencing, facilitated by the introduction of 
second-generation whole-genome sequencing, has provided further 
insight into the complexity of the genetics and evolutionary biology 
of cancer cells2. In most cases, transformation and metastases are 

probably clonal2 because they are derived from single cells; there-
fore, the identification of the mutations present in all of the cells 
of a tumour can help to reconstruct the genotype of the founder 
cell. These founder events limit the genetic and clonal complexity 
of tumours. We already had a long list of recurring driver mutations 
(with gain or loss of function) as a result of the fine mapping of chro-
mosomal breaks, candidate gene sequencing and functional screen-
ing of bulk samples from tumours. However, the use of genomic 
screens has demonstrated the scale of cancer-genome complexity. 
Individual cancers can contain hundreds, or tens of thousands, of 
mutations and chromosomal alterations2. The great majority of these 
are assumed to be neutral mutations arising from genetic instability. 
Chromosomal instability (amplifications, deletions, translocations 
and other structural changes) is a common feature, but it is not clear 
whether there is an increased rate of simple base-pair mutations 
in cancer2,21,23,52. Evolutionarily neutral alterations are thought to 
register in the screens because they hitchhike on clonal expansions 
that are driven by selectively advantageous alterations or by drift. 
In addition, data have confirmed that each cancer in each patient 
has an individually unique genomic profile. It is possible that cancer 
cells need only a modest number of phenotypic traits to deal with 
all of the constraints and evolve into a fully malignant or metastatic 
tumour25, but the genomics data suggest that this can be achieved 
by an almost infinite variety of evolutionary trajectories and with 
multiple different combinations of driver mutations44. 

Paradoxically, genome profiles underestimate complexity. So far, they 
have been mostly one-off snapshots from a single sample at a single diag-
nostic time point. We know that serial or parallel sampling using more 
conventional genetic analysis uncovers genetic diversity within a tumour. 
Whole-genome sequencing of paired primary tumours versus metastatic 
samples has so far been limited, but it has revealed that individual meta-
static lesions are clonal in origin and genetically unique, yet have a clonal 
ancestry traceable to the primary tumour2. ‘The genome’ description is 
perhaps also misleading because genetic variants are identified in 5–50% 
of reads, which suggests subclonal distribution of most mutations53, but 
the segregation pattern of mutations within subclones is lost when DNA 
is extracted from the total cell population. This is important if patient-
specific genomic profiles are to provide a platform for selecting thera-
peutic targets. Arguably, subclonal genetic diversity is key to the success 
or failure of therapy. This is a considerable challenge, technically and 
bioinformatically, in cancer genomics and will require deep sequencing40 

Figure 1 | The complexity of tissue 
ecosystems. Exposure, the constitutive 
genetics of the host cells, systemic 
regulators, local regulators and architectural 
constraints all impinge on the evolution of 
somatic cells.
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and investigation of the genomes of single cells for patterns of segregation 
of mutations to understand the genetic diversity within neoplasms and 
how this changes in response to interventions.

Subclonal segregation of mutations and clonal architecture
The classic model of clonal evolution suggests there is a sequential 
acquisition of mutations with concomitant, successive subclonal 
dominance or selective sweeps. Histopathological evidence of dis-
ease progression (adenoma, carcinoma and metastases) supports this 
model. At each stage of this evolution, individual cells and their progeny 
(subclones) compete for space and resources. Multiplexed, single-cell 
mutational analysis (ideally in serial samples) is the most appropriate 
way to examine clonal architecture. So far, there are only a few exam-
ples of this10,32,33, but they have provided evidence of the complex pat-
tern of subclonal segregation of mutations — consistent with Nowell’s 
model. The large amount of data from tissue sections, small biopsies 
and, more recently, single-cell analysis33 is evidence that the evolution-
ary trajectories are complex and branching, exactly as Nowell proposed 
and in parallel with Darwin’s iconic evolutionary speciation tree (Fig. 
2). Attempts to simplify this complex system into a linear sequence of 
mutational events on the basis of cross-sectional data have probably 
been misleading54. However, by comparing the mutational genomes of 
the subclones, it is possible to discover their evolutionary or ancestral 
relationships, as well as the order of events during the development 
of that neoplasm32,33,37,53,54. Clonal evolution from common ancestral 
cancer cells is demonstrated in identical twins with concordant acute 
leukaemia55,56, in metastatic lesions2,10 and, by inference, in some cases 
of bilateral testicular cancer57 (Fig. 3). In this context, divergent cancer-
clone genotypes and phenotypes correspond to allopatric speciation in 
separate natural habitats (for example, Darwin’s finches on the Galapa-
gos Islands58).

Profiles of subclones within a neoplasm can be used to determine 
‘molecular clocks’ that can then be linked to time events in the history 
of the neoplasm. For example, DNA methylation changes and base-
pair mutations have been used to infer clonal expansion dynamics26 
and the time between initiation, invasion and metastasis17,37,52. It is 
even possible to determine the relative timing of events during pro-
gression from a single sample, based on deep sequencing59. 

Subclones may be mixed together within the primary tissue37,60, 
but given their single-cell origin and bifurcating pathways, it is not 
surprising that they can also occupy distinctive territories35,37,61,62 

(Fig. 4a). Cancer-clone evolution involves contemporaneous sub-
clones with distinctive mutational and phenotypic profiles that may 
be territorially segregated, which has considerable practical implica-
tions for diagnosis, prognosis and targeted therapy based on biopsy 
sampling63. It remains unclear whether all subclonal diversification 
reflects the impact of driver mutations and selective advantage, or 
is also the result of genetic drift of selectively neutral mutations or 
even epigenetic alterations. The level of diversity within the sub-
clonal structure can be measured35,64,65 and has been shown to be a 
robust biomarker for predicting progression to malignancy in Bar-
rett’s oesophagus65. It is also associated with the tumour stage and 
subtype of breast cancer64.

Units of selection and cancer stem cells
Evolutionary theory suggests that natural selection operates in any 
system that has components with varying reproductive potential4. In 

Figure 2 | The branching architecture of evolution. a, Cancer clones. 
Selective pressures allow some mutant subclones to expand while others 
become extinct or remain dormant. Vertical lines represents restraints 
or selective pressures. This is a representative pattern for common, solid 
cancers; as recognized by Nowell3, leukaemic clones may expand over 
a shorter time frame (years versus decades), and be subject to fewer 
restraints and mutational events. Ecosystems 1–4 (boxes) represent the 

different tissue ecosystems or habitats. Smaller boxes within Ecosystem 
1 represent localized habitats or niches. Each differently coloured circle 
represents a genetically distinct subclone. Metastatic subclones can 
branch off into different time points in the sequence from either minor 
or major clones in the primary tumour. Tx, therapy. CIS, carcinoma in 
situ. b, Darwin’s branching evolutionary tree of speciation from his 1837 
notebook. 
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Figure 3 | Divergent (branching) clonal evolution of cancer with 
topographical separation. In each example, a clonal (single cell) ancestry is 
indicated by a shared acquired mutation (for example, ETV6–RUNX1 fusion 
for leukaemias and KIT mutation for testicular cancers). The time at which the 
two subclones evolve (T1 and T2) can be temporarily synchronous or develop 
several years apart37,55–57. The probabilities of subclones emerging as shown 
are independent and different (p1 and p2). In most cases (90% for monozygotic 
twins), only one twin develops overt leukaemia. The penetrance of bilateral 
testicular cancer having a common origin57 is unknown. 
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the progression of cancer, or its resurgence after therapy, the primary 
unit of selection is the cell. This cell has to have extensive replicative 
potential, the so-called cancer stem cell (also known as the cancer-
initiating or propagating cell) (Fig. 5).

The cancer stem-cell hypothesis was developed through 
transplantation experiments with leukaemic cells66, and although it 
has been reported to be a general feature of all cancers67, this idea is 
contentious. There has been no consensus on whether cancer stem 
cells are rare or high-frequency cells, or whether they have fixed, 
hierarchical or variable phenotypes, but considering the evolution-
ary progression in cancer, cells with extensive propagating activity 
are unlikely to be fixed entities68,69. Cancer stem cells are the cellular 
drivers of subclonal expansion and so probably vary in frequency 
and phenotypic features. The only feature they must have is the 
potential for extensive self-renewal (Fig. 5). Quantitative measures 
of stem-cell activity or self-renewal (through xenotransplantation 
or gene-expression signatures) can be used to predict the clinical 
outcome of several cancer types70. The cancer stem cell’s ability to 
self-renew is made stronger by an aberrant genotype and, possi-
bly, other, epigenetic, features. Several testable predictions can be 
made from this. First, cancer stem cells should evolve and change 
in genotype and phenotype as the cancer evolves before and after 
therapy. Some therapies may even provide a strong selection for 
cancer stem-cell survival and proliferation71. Second, as cancers 
progress, there should be selective pressure for the cells with the 
most extensive self-renewing capacity, but at the expense of cells 
with the ability to differentiate. This has been observed in chronic 
myeloid leukaemia (CML)72 and mouse models73,74. A higher prob-
ability of symmetrical self-renewing proliferative cycles would be 
expected to result in an increased number and frequency of cancer 
stem cells. It is therefore of some consequence that loss of the TP53 
DNA damage checkpoint, which frequently correlates with cancer 
progression and clinical intransigence75, seems to ‘release’ stem-cell-
like transcriptional signatures76 and leads to enhanced self-renewal 
in mammosphere culture systems77. The frequency of cancer stem 
cells could then increase from low to very high frequency as the 
disease progresses78,79. Third, for selection to operate through micro-
environmental or therapeutic pressures, there should be contempo-
raneous genetic variation in cancer stem cells, which has been shown 
in leukaemias33,80. 

These considerations have significant clinical implications. 
Whatever the frequency and phenotype, if self-renewing cancer 
stem cells drive and sustain cancer-clone evolution, this suggests 
they are the repository of functionally relevant mutational events 
that drive clonal selection before and after therapy. This supports the 
view that cancer stem-cell restraint or elimination should be the aim 
of any therapy. However, if cancer stem cells are as genetically (and 

epigenetically) diverse as evolutionary considerations and initial 
experiments33,80,81 indicate, this could be the reason for therapeutic 
failure. The adaptability of cancer stem cells provided by genetic 
diversity is added to by what seems to be their intrinsically lowered 
susceptibility to drugs and irradiation82. This may be because of 
the association with stromal cells83 and the quiescence of cancer 
stem-cell subpopulations, as well as the properties of enhanced DNA 
repair and elevated expression of drug efflux pumps, which may be 
the evolved contingencies to protect normal stem cells.

Subclonal genetic heterogeneity is a common, if not universal, 
feature of cancers84. However, it cannot be assumed that all subclones 
are sustained by cancer stem cells; some could be evolutionary dea-
dends generated by cells with only limited propagating potential. It 
is partly to accommodate this that the in vivo assay for cancer stem 
cells involves sequential transplants66. Ideally, the genomes of single 
cancer stem cells would be interrogated to investigate how they relate 
to subclones, but this is not currently possible. However, the genetic 
heterogeneity of cancer stem cells can be inferred by comparing 
subclonal diversity or clonal architecture before and after trans-
plantation. Quadrant sections of glioblastoma have been shown to 
have divergent but related genotypes, but all sections contained cells 
that read-out in the in vivo (intracerebral) cancer stem-cell assay85. 
More definitive data come from comparing pre- and post-transplant 
subclonal genetic profiles that were investigated at the single cell 
level or by single nucleotide polymorphism arrays in B-cell precur-
sor acute lymphoblastic leukaemia. Multiple subclones from each 
patient’s diagnostic sample registered in the in vivo cancer stem-cell 
transplant assays, albeit with variable competitive potency33,80,81. We 
are still awaiting experimental confirmation that genetic diversity of 
cancer stem cells is a common feature of cancer, but, assuming that 
it is, this will have important therapeutic implications.

A Darwinian bypass 
Nowell3 stated in his landmark article “more research should be 
directed towards understanding and controlling the evolutionary 
process in tumours before it reaches the late stage seen in clinical 
cancer”. Although cancer therapy has had its successes, in reality 
very few advanced or metastatic malignancies can be effectively con-
trolled or eradicated. Genetic variation in cancer stem cells, particu-
larly if induced by genetic instability, provides the opportunity for 
cells to escape and the therapy to fail. Other, non-genetic, mecha-
nisms of positive selection by therapy exist, including signalling plas-
ticity (or oncogene bypass)86, quiescence87 and epigenetic changes88; 
however, many of these depend on heritable, and thus selectable, 
epigenetic variation. Great expectation has been placed on the audit 
of cancer genomes that, by identifying recurrent and “druggable” 
mutations, would herald a new phase of highly specific or targeted 
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small-molecule inhibitors and personalized medicine89. Oncogene 
addiction may be the Achilles heel of cancer in this respect90. The 
success of imatinib and the derivative non-receptor tyrosine (ABL1) 
kinase inhibitors in CML90 was very encouraging, but CML is not 
a typical cancer. It is essentially a premalignant (albeit ultimately 
lethal) condition, probably driven by a single founder mutation 
(BCR–ABL1 fusion), which provides a universal target for therapy. 
Even in the most favourable of circumstances, escape occurs either 
by quiescence (and coupled resistance) of cancer stem cells91 or by 
mutation of the ABL1 kinase target. Once CML has evolved to an 
overt malignancy or blast crisis, with increased genetic complexity, 
ABL1 kinase-directed therapy is often ineffective.

Other small-molecule inhibitors directed at mutant products have 
produced encouraging results in patients with advanced disease, but 
the benefits are transitory and cancer clones re-emerge with resistant 
features. When the targets selected are non-founder mutations, even 
if they are dominant in the neoplasm, therapy can be predicted to 
select for subclones lacking the mutant target70. Alternatively, sub-
clones can have additional mutations that allow a bypass of the sig-
nalling pathway of the drug target, such as the MET proto-oncogene 
(MET) amplification in EGFR mutant lung cancer treated with EGFR 
kinase inhibitors92.

Supporters of targeted therapy and personalized medicine argue 
that a combination of drugs that target components of networked 
signalling and are tailored to the individual patient’s cancer genome 
is the solution to this problem. In this regard, synthetic lethal strate-
gies seem promising93.

Self-renewing cancer cells are the ultimate target for therapy, so 
high-throughput screening for selective inhibitors is an encouraging 
development71. Ways to target the components of the self-renewing 
process itself (independent of specific mutant genotype) deserve 
exploration, especially if a distinction can be made from normal 
adult stem cells. In the case of CML, intrinsically resistant (and pos-
sibly quiescent) stem cells, have been targeted by combining selective 
kinase (ABL1) inhibitors with inhibitors of a histone deacetylase94 or 
BCL6 (ref. 95). Ultimately, it may prove difficult to thwart the plastic-
ity and adaptability of cancer cells (or cancer stem cells), which are 
an inherent evolutionary feature of advanced disease, and a ‘Dar-
winian bypass’ may be required, for which there are a number of 
possibilities. An implication of the evolutionary diversity of cancer 
is that prevention (smoking cessation, avoiding sunburn, prophy-
lactic vaccines, and so on) makes a great deal of sense, as does early 
detection and intervention (that is, before genetic diversification 
and dissemination become extensive).

An alternative therapeutic strategy is to focus on the micro-
environmental habitat using ‘ecological therapy’, which aims to 
change the essential habitat and dependency of the cancer cells96. 
For example, anti-angiogenesis can provide a potent restraint on 
cancer stem cells97. Other examples are the use of bisphosphonates to 
remodel bone in patients with prostate cancer, the use of aromatase 
inhibitors in patients with breast cancer, exploiting hypoxia, the use 
of inhibitors of inflammation or tumour-infiltrating macrophages, 
and blocking cancer stem-cell interactions with essential stromal or 
niche components96,98.

Another alternative is to control the cancer, rather than eradicate 
it, thereby turning cancer into a chronic disease. Because the speed 
of evolution is proportional to the fitness differential between 
the cells, cytotoxic drugs are predicted to select rapidly for resist-
ance5. It is thought they cause competitive release99 by removing all 
of the competitors of resistant cells. In contrast, cytostatic drugs 
should delay progression and mortality longer than cytotoxic drugs 
because sensitive competitor cells remain in the tissue to occupy 
space and consume resources that would otherwise be used by the 
resistant clones. In addition, by suppressing cell division, cytostatic 
drugs also suppress the opportunities for new mutations. A study 
by Gatenby and colleagues100 showed that by treating an aggressive 

ovarian cancer (OVCAR-3) xenograft tumour to maintain a sta-
ble size, rather than to eradicate it, host mice could be kept alive 
much longer. Moreover, the dose of carboplatin necessary to keep 
the tumour at a manageable size declined over time100. Researchers 
should now focus on what phenotypes can be selected for to make 
neoplasms less deadly and more clinically manageable.

The evolutionary theory of cancer has survived 35 years of empirical 
observation and testing, so today it could be considered a bona fide 
scientific theory. The basic components of somatic evolution are well 
understood, but the dynamics of somatic evolution remain unclear. 
Fortunately, there are evolutionary biology tools that may be applied to 
neoplasms to address many of the fundamental cancer biology ques-
tions, such as the order of events in progression, distinguishing driver 
from passenger mutations, and understanding and preventing thera-
peutic resistance. The dynamics of clonal diversification and selection 
are critical to understanding these issues. The challenge now is to use 
the clinical opportunities to address directly the evolutionary adapt-
ability of neoplasms and design interventions to slow, direct or control 
cancer-cell evolution to delay or prevent mortality. ■
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Abstract
Genomics is a Big Data science and is going to get much bigger, very soon, but it is not

known whether the needs of genomics will exceed other Big Data domains. Projecting to

the year 2025, we compared genomics with three other major generators of Big Data:

astronomy, YouTube, and Twitter. Our estimates show that genomics is a “four-headed

beast”—it is either on par with or the most demanding of the domains analyzed here in

terms of data acquisition, storage, distribution, and analysis. We discuss aspects of new

technologies that will need to be developed to rise up and meet the computational chal-

lenges that genomics poses for the near future. Now is the time for concerted, community-

wide planning for the “genomical” challenges of the next decade.

We compared genomics with three other major generators of Big Data: astronomy, YouTube,
and Twitter. Astronomy has faced the challenges of Big Data for over 20 years and continues
with ever-more ambitious studies of the universe. YouTube burst on the scene in 2005 and has
sparked extraordinary worldwide interest in creating and sharing huge numbers of videos.
Twitter, created in 2006, has become the poster child of the burgeoning movement in computa-
tional social science [6], with unprecedented opportunities for new insights by mining the
enormous and ever-growing amount of textual data [7]. Particle physics also produces massive
quantities of raw data, although the footprint is surprisingly limited since the vast majority of
data are discarded soon after acquisition using the processing power that is coupled to the sen-
sors [8]. Consequently, we do not include the domain in full detail here, although that model of
rapid filtering and analysis will surely play an increasingly important role in genomics as the
field matures.
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To compare these four disparate domains, we considered the four components that com-
prise the “life cycle” of a dataset: acquisition, storage, distribution, and analysis (Table 1).

Data Acquisition
The four Big Data domains differ sharply in how data are acquired. Most astronomy data are
acquired from a few highly centralized facilities [9]. By contrast, YouTube and Twitter acquire
data in a highly distributed manner, but under a few standardized protocols. Astronomy, You-
Tube, and Twitter are expected to show continued dramatic growth in the volume of data to be
acquired. For example, the Australian Square Kilometre Array Pathfinder (ASKAP) project
currently acquires 7.5 terabytes/second of sample image data, a rate projected to increase
100-fold to 750 terabytes/second (~25 zettabytes per year) by 2025 [9,10]. YouTube currently
has 300 hours of video being uploaded every minute, and this could grow to 1,000–1,700 hours
per minute (1–2 exabytes of video data per year) by 2025 if we extrapolate from current trends
(S1 Note). Today, Twitter generates 500 million tweets/day, each about 3 kilobytes including
metadata (S2 Note). While this figure is beginning to plateau, a projected logarithmic growth
rate would suggest a 2.4-fold growth by 2025, to 1.2 billion tweets per day, 1.36 petabytes/year.
In short, data acquisition in these domains is expected to grow by up to two orders of magni-
tude in the next decade.

For genomics, data acquisition is highly distributed and involves heterogeneous formats.
The rate of growth over the last decade has also been truly astonishing, with the total amount
of sequence data produced doubling approximately every seven months (Fig 1). The Omics-
Maps catalog of all known sequencing instruments in the world [11] reports that currently
there are more than 2,500 high-throughput instruments, manufactured by several different
companies, located in nearly 1,000 sequencing centers in 55 countries in universities, hospitals,
and other research laboratories. These centers range in size from small laboratories with a few
instruments generating a few terabases per year to large dedicated facilities producing several
petabases a year. (An approximate conversion factor to use in interpreting these numbers is 4
bases = 1 byte, though we will revisit this below.)

The raw sequencing reads used in most published studies are archived at either the
Sequence Read Archive (SRA) maintained by the United States National Institutes of Health
National Center for Biotechnology Information (NIH/NCBI) or one of the international coun-
terparts. The SRA currently contains more than 3.6 petabases of raw sequence data (S1 Fig),
which reflects the ~32,000 microbial genomes, ~5,000 plant and animal genomes, and
~250,000 individual human genomes that have been sequenced or are in progress thus far [12].

Table 1. Four domains of Big Data in 2025. In each of the four domains, the projected annual storage and computing needs are presented across the data
lifecycle.

Data Phase Astronomy Twitter YouTube Genomics

Acquisition 25 zetta-bytes/year 0.5–15 billion
tweets/year

500–900 million hours/year 1 zetta-bases/year

Storage 1 EB/year 1–17 PB/year 1–2 EB/year 2–40 EB/year

Analysis In situ data reduction Topic and
sentiment mining

Limited requirements Heterogeneous data and analysis

Real-time processing Metadata analysis Variant calling, ~2 trillion central
processing unit (CPU) hours

Massive volumes All-pairs genome alignments, ~10,000
trillion CPU hours

Distribution Dedicated lines from antennae
to server (600 TB/s)

Small units of
distribution

Major component of modern user’s
bandwidth (10 MB/s)

Many small (10 MB/s) and fewer massive
(10 TB/s) data movement

doi:10.1371/journal.pbio.1002195.t001
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However, the 3.6 petabases represent a small fraction of the total produced; most of it is not yet
in these archives. Based on manufacturer specifications of the instruments, we estimate the cur-
rent worldwide sequencing capacity to exceed 35 petabases per year, including the sixteen Illu-
mina X-Ten systems that have been sold so far [13], each with a capacity of ~2 petabases per
year [14].

Over the next ten years, we expect sequencing capacities will continue to grow very rapidly,
although the project growth becomes more unpredictable the further out we consider. If the
growth continues at the current rate by doubling every seven months, then we should reach
more than one exabase of sequence per year in the next five years and approach one zettabase
of sequence per year by 2025 (Fig 1, Table 1). Interestingly, even at the more conservative esti-
mates of doubling every 12 months (Illumina’s current own estimate [12]) or every 18 months
(equivalent to Moore’s law), we should reach exabase-scale genomics well within the next
decade. We anticipate this sequencing will encompass genome sequences for most of the
approximately 1.2 million described species of plants and animals [15]. With these genomes,
plus those of thousands of individuals of “high value” species for energy, environmental, and
agricultural reasons, we estimate that there will be at least 2.5 million plant and animal genome

Fig 1. Growth of DNA sequencing. The plot shows the growth of DNA sequencing both in the total number of human genomes sequenced (left axis) as well
as the worldwide annual sequencing capacity (right axis: Tera-basepairs (Tbp), Peta-basepairs (Pbp), Exa-basepairs (Ebp), Zetta-basepairs (Zbps)). The
values through 2015 are based on the historical publication record, with selected milestones in sequencing (first Sanger through first PacBio human genome
published) as well as three exemplar projects using large-scale sequencing: the 1000 Genomes Project, aggregating hundreds of human genomes by 2012
[3]; The Cancer Genome Atlas (TCGA), aggregating over several thousand tumor/normal genome pairs [4]; and the Exome Aggregation Consortium (ExAC),
aggregating over 60,000 human exomes [5]. Many of the genomes sequenced to date have been whole exome rather than whole genome, but we expect the
ratio to be increasingly favored towards whole genome in the future. The values beyond 2015 represent our projection under three possible growth curves as
described in the main text.

doi:10.1371/journal.pbio.1002195.g001
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sequences by 2025. For example, the genomics powerhouse BGI, in conjunction with the
International Rice Research Institute and the Chinese Academy of Agricultural Sciences, has
already sequenced 3,000 varieties of rice [16] and announced a massive project of their own to
sequence one million plant and animal genomes [17]. The Smithsonian Institute also has simi-
lar plans to "capture and catalog all the DNA from the world's flora and fauna." There also will
be genomes for several millions of microbes, with explosive growth projected for both medical
and environmental microbe metagenomic sequencing [18,19].

These estimates, however, are dwarfed by the very reasonable possibility that a significant
fraction of the world’s human population will have their genomes sequenced. The leading
driver of this trend is the promise of genomic medicine to revolutionize the diagnosis and treat-
ment of disease, with some countries contemplating sequencing large portions of their popula-
tions: both England [20] and Saudi Arabia [21] have announced plans to sequence 100,000 of
their citizens, one-third of Iceland’s 320,000 citizens have donated blood for genetic testing
[22], and researchers in both the US [23] and China [17] both aim to sequence 1 million
genomes in the next few years. With the world’s population projected to top 8 billion by 2025,
it is possible that as many as 25% of the population in developed nations and half of that in
less-developed nations will have their genomes sequenced (comparable to the current world-
wide distribution of Internet users [24]).

We therefore estimate between 100 million and as many as 2 billion human genomes could
be sequenced by 2025, representing four to five orders of magnitude growth in ten years and
far exceeding the growth for the three other Big Data domains. Indeed, this number could
grow even larger, especially since new single-cell genome sequencing technologies are starting
to reveal previously unimagined levels of variation, especially in cancers, necessitating sequenc-
ing the genomes of thousands of separate cells in a single tumor [10].

Moreover, the technology used to sequence DNA is deployed creatively for other applica-
tions (e.g., transcriptome, epigenome, proteome, metabolome, and microbiome sequencing)
necessitating generating new sequencing data multiple times per person to monitor molecular
activity [25]. These applications require precise quantitative counts of sequencing reads to cap-
ture diversity of expression or diversity of abundances, thus requiring millions of reads to accu-
rately estimate underlying distributions as they change over time. For medicine, just having the
genome will not be sufficient: for each individual, it will need to be coupled with other relevant
‘omics data sets, some collected periodically and from different tissues, to compare healthy and
diseased states [26]. Computational challenges will increase because of dramatic increases in
the total volume of genomic data per person, as will the complexities of integrating these
diverse data sources to improve health and cure diseases. Genomics thus appears to pose the
greatest challenges for data acquisition of the four Big Data domains.

Data Storage
Data storage requirements for all four domains are projected to be enormous. Today, the larg-
est astronomy data center devotes ~100 petabytes to storage, and the completion of the Square
Kilometre Array (SKA) project is expected to lead to a storage demand of 1 exabyte per year.
YouTube currently requires from 100 petabytes to 1 exabyte for storage and may be projected
to require between 1 and 2 exabytes additional storage per year by 2025. Twitter’s storage
needs today are estimated at 0.5 petabytes per year, which may increase to 1.5 petabytes in the
next ten years. (Our estimates here ignore the “replication factor” that multiplies storage needs
by ~4, for redundancy.) For genomics, we have determined more than 100 petabytes of storage
are currently used by only 20 of the largest institutions (S1 Table).
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Projections of storage requirements for sequence data depend on the accuracy and applica-
tion of the sequencing. For every 3 billion bases of human genome sequence, 30-fold more data
(~100 gigabases) must be collected because of errors in sequencing, base calling, and genome
alignment. This means that as much as 2–40 exabytes of storage capacity will be needed by
2025 just for the human genomes (S3 Note). These needs can be diminished with effective data
compression [27], but decompression times and fidelity are a major concern in compressive
genomics [28].

Are the emerging “third-generation” single-molecule sequencing technologies with much
longer reads, such as those from Pacific Biosciences and Oxford Nanopore, a computational
panacea? Though error rates currently are higher and throughput lower than short-read tech-
nologies, as they mature, these technologies are starting to be used to sequence and assemble
nearly entire chromosomes [29]. This will minimize the need to oversample as much, and
eventually, the raw sequence data may not need to be stored at all. However, eliminating the
need to store raw sequence data and only retaining complete genomes will have relatively little
impact overall—perhaps one or two orders of magnitude less data storage. More significant
reductions in storage demand will come when improvements in sequencing accuracy and data-
base comprehensiveness reach the point at which genome sequences themselves do not need to
be stored, just the list of variants relative to a reference collection (“delta encoding”) [30]. This
works well for cataloging the simplest variants in a human genome, but it may not be as useful
for complex samples, such as cancer genomes, that have many novel rearrangements and
mutations. While certainly helpful, we thus do not expect long-read sequencing technology or
delta encoding to solve the storage challenges for genome sequencing in 2025.

In contrast, we do see great opportunities for data reduction and real-time analysis of other
‘omics analysis. For example, once sequencing becomes fast enough and the methods mature
enough to correctly infer transcript expression levels in real time, we anticipate that raw RNA-
seq reads will no longer be stored, except for specific research purposes. Already several such
“streaming” algorithms have been published for this purpose, performing as well as or superior
to their nonstreaming counterparts [31]. For RNA-seq and other ‘omics applications, genomics
will benefit greatly from the lessons learned in particle physics, in which in most cases raw data
are discarded almost as fast as they are generated in favor of higher level and greatly com-
pressed summaries.

Altogether, we anticipate the development of huge genomics archives used for storing mil-
lions of genomes along with the associated ‘omics measurements over time. Ideally, these
archives will also collect or be linked to the patient phenotypic data, especially disease out-
comes and treatments provided to support retrospective analysis as new relationships are dis-
covered. To make it practical to search and query through such vast collections, the data will be
stored in hierarchical systems that make data and their statistical summaries available at differ-
ent levels of compression and latency, as used in astronomy [32] and text analysis [33]. Thus,
although total genomic data could far exceed the demands for the others, with the right new
innovations the net requirements could be similar to the domains of astronomy and YouTube.

Data Distribution
Astronomy, YouTube, Twitter, and genomics also differ greatly in data distribution patterns.
The major bandwidth requirement of the SKA project is to get data from its 3,000 antennae to
a central server, requiring as much as 600 terabytes/second [34]. The bandwidth usage of You-
Tube is relatively small for a single download and well supported by the average consumer’s 10
Mbps connection, but aggregate needs worldwide are enormous, with estimates up to 240
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petabytes/day (S4 Note) [35]. The distribution patterns of genomics data are much more het-
erogeneous, involving elements of both situations [36].

Genomic data are distributed in units spanning a wide range of sizes, from comparisons of a
few bases or gene sequences to large multiterabyte bulk downloads from central repositories.
For large-scale analysis, cloud computing is particularly suited to decreasing the bandwidth for
distribution of genomic data [37] so that applications can run on remote machines that already
have data [38]. Only small segments of code are uploaded and highly processed outputs are
downloaded, thus significantly reducing the computing resources necessary for distribution.

But in addition to tailoring genomics applications for the cloud, new methods of data reli-
ability and security are required to ensure privacy, much more so than for the other three
domains. A serious breach of medically sensitive genomic data would have permanent conse-
quences and could seriously hinder the development of genomic medicine. Homomorphic
encryption systems, in which encrypted data can be analyzed and manipulated for certain con-
trolled queries without disclosing the raw data, are currently too computationally expensive for
widespread use, but these and related cryptographic techniques are promising areas of research
[39].

Data Analysis
Astronomy, YouTube, Twitter, and genomics differ most in computational requirements for
data analysis. Astronomy data require extensive specialized analysis, but the bulk of this
requirement is for in situ processing and reduction of data by computers located near the tele-
scopes [40]. This initial analysis is daunting because of its real-time nature and huge data vol-
umes but can often be effectively performed in parallel on thousands of cores. YouTube videos
are primarily meant to be viewed, along with some automated analysis for advertisements or
copyright infringements. Twitter data are the subject of intense research in the social sciences
[41], especially for topic and sentiment mining, which is performed chiefly on textual “tweets”
in the context of associated metadata (e.g., user demographics and temporal information).

Analysis of genomic data involves a more diverse range of approaches because of the variety
of steps involved in reading a genome sequence and deriving useful information from it. For
population and medical genomics, identifying the genomic variants in each individual genome
is currently one of the most computationally complex phases. Variant calling on 2 billion
genomes per year, with 100,000 CPUs in parallel, would require methods that process
2 genomes per CPU-hour, three-to-four orders of magnitude faster than current capabilities
[42]. Whole genome alignment is another important form of genomic data analysis, used for a
variety of goals, from phylogeny reconstruction to genome annotation via comparative meth-
odologies. Just a single whole genome alignment between human and mouse consumes ~100
CPU hours [43]. Aligning all pairs of the ~2.5 million species expected to be available by 2025
amounts to 50–100 trillion such whole genome alignments, which would need to be six orders
of magnitude faster than possible today.

Improvements to CPU capabilities, as anticipated by Moore’s Law, should help close the
gap, but trends in computing power are often geared towards floating point operations and do
not necessarily provide improvements in genome analysis, in which string operations and
memory management often pose the most significant challenges. Moreover, the bigger bottle-
neck of Big Data analysis in the future may not be in CPU capabilities but in the input/output
(I/O) hardware that shuttles data between storage and processors [44], a problem requiring
research into new parallel I/O hardware and algorithms that can effectively utilize them.
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The Long Road Ahead
Genomics clearly poses some of the most severe computational challenges facing us in the next
decade. Genomics is a “four-headed beast”; considering the computational demands across the
lifecycle of a dataset—acquisition, storage, distribution, and analysis—genomics is either on
par with or the most demanding of the Big Data domains. New integrative approaches need to
be developed that take into account the challenges in all four aspects: it is unlikely that a single
advance or technology will solve the genomics data problem. Several key technologies that are
most critically needed to support future solutions are discussed in Box 1.

In human health, the major needs are driven by the realization that for precision medicine
and similar efforts to be most effective, genomes and related ‘omics data need to be shared and
compared in huge numbers. If we do not commit as a scientific community to sharing now, we
run the risk of establishing thousands of isolated, private data collections, each too underpow-
ered to allow subtle signals to be extracted. More than anything else, connecting these resources
requires trust among institutions, scientists, and the public to ensure the collections will be
used for medical purposes and not to discriminate or penalize individuals because of their
genetic makeup.

Finally, the exascale data and computing centers that are emerging today to meet Big Data
challenges in several domains (YouTube [50], Google [51], Facebook [51], and the National
Security Agency [52]), are the result of far-sighted planning and commitment by the respective
organizations. Now is the time for concerted, community-wide planning for the “genomical”
challenges of the next decade.

Box 1. Key Technological Needs for Big Data Genomics

(1) Acquisition
The most important need to sustain the explosive growth in genomic data acquisition is
continued advances in sequencing technologies to reduce costs, improve throughput,
and achieve very high accuracy. The current costs of ~US$1,000 per human genome
begin to make it practical to sequence human genomes in large numbers, especially for
critical medical treatments, but to scale to populations of hundreds of millions to billions
of genomes, costs must be reduced by at least another one to two orders of magnitude or
more. For many medical applications, the time for sequencing must also be reduced so
that it can be completed in near real time, especially to rapidly diagnosis acute infections
and conditions. Finally, to make a genome sequence most useful, it must be paired with
automated methods to collect metadata and phenotype data, all according to appropriate
standards so that data collected in one environment can be compared to those collected
in another.

(2) Storage
The community needs to start designing and constructing data centers with fast, tiered
storage systems to query and aggregate over large collections of genomes and ‘omics
data. There are new technologies on the horizon that will help support these needs,
including 3-D memory, integrated computing technologies that overcome the I/O bottle-
neck, and networks that are two-to-five orders of magnitude faster because of optical
switching [45,46]. Similarly, efficient compression and indexing systems are critical to
make the best use out of each available byte while making the data highly accessible. We
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also expect algorithmic developments that can represent large collections of personal
genomes as a compact graph, making it more efficient and robust to compare one
genome to many others. Beyond these approaches, we see the rise of streaming
approaches to make on-the-fly comparisons that will allow us to rapidly discard data,
especially for sequencing applications that use the sequence data as a means to infer
abundances or other molecular activity.

(3) Distribution
The most practical, and perhaps only, solution for distributing genome sequences at a
population scale is to use cloud-computing systems that minimize data movement and
maximize code federation [47]. New developments from companies such as Google,
Amazon, and Facebook that include applications built to fit the frameworks of distrib-
uted computing efficient data centers and distributed storage and cloud computing para-
digms will be part of the solution. Already, large cloud-based genomic resources are
being developed using these technologies, especially to support the needs of the largest
sequencing centers or to support the needs of large communities (BGI-cloud, TCGA, the
International Cancer Genome Consortium [ICGC], etc.). To make these online systems
most useful, the community needs to develop application programming interfaces
(APIs) for discovering and querying large datasets on remote systems. The Global Alli-
ance for Genomics and Health [48] and others are beginning to develop such standards
for human genomic data, and we expect other communities to follow. Finally, authenti-
cation, encryption, and other security safeguards must be developed to ensure that geno-
mic data remain private.

(4) Analysis
Our ultimate goal is to be able to interpret genomic sequences and answer how DNA
mutations, expression changes, or other molecular measurements relate to disease, devel-
opment, behavior, or evolution. Accomplishing this goal will clearly require integration
of biological domain expertise, large-scale machine learning systems, and a computing
infrastructure that can support flexible and dynamic queries to search for patterns over
very large collections in very high dimensions. A number of “data science technologies,”
including R, Mahout, and other machine learning systems powered by Hadoop and
other highly scalable systems, are a start, but the current offerings are still difficult and
expensive to use. The community would also benefit from libraries of highly optimized
algorithms within a simple interface that can be combined and reused in many contexts
as the problems emerge. Data science companies as well as open-source initiatives are
already starting to develop such components, such as Amazon’s recent “Amazon
Machine Learning” prediction system. But because genomics poses unique challenges in
terms of data acquisition, distribution, storage, and especially analysis, waiting for inno-
vations from outside our field is unlikely to be sufficient. We must face these challenges
ourselves, starting with integrating data science into graduate, undergraduate, and high-
school curricula to train the next generations of quantitative biologists, bioinformati-
cians, and computer scientists and engineers [49].
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Q.  Could you tell us a little about the latest research in organoids 
and biomimetic platforms in precision medicine?

Precision medicine aims to utilize information about a patient’s tumor, including gene alterations that 

may aid in the identification of effective therapies.1 Recent advances have allowed researchers to 

combine genomic analysis with ex vivo drug screens. The opportunity to develop preclinical models 

that retain the tumor’s basic characteristics provides a platform for biomarker discovery and high-

throughput drug screening. Patient-derived tumor xenografts have emerged as powerful systems to 

study many cancer types by growing tumor cells in immunocompromised mice. Advances in this area 

have focused on trying to improve engraftment rates and introduce the patient’s own immune cells.2 

For more rapid and less costly screens, the patient’s tumor cells are now also cultured in the laboratory 

in 3D as organoids, allowing us to screen thousands of candidate drugs and drug combinations that 

have the potential to be used in the clinic.3 The future of personalized medicine resides in being able 

to incorporate cells of the microenvironment in state-of-the-art biomimetic platforms. This method of 

screening will better account for the influence of the cells that are adjacent to the tumor, known to 

influence the growth of cancers and their response to treatment.4

Q.  What role may artificial intelligence play in precision medicine?
Analysis of large data sets is a major driver in the development of precision medicine. Transforming big 

data into clinically-actionable knowledge can be a tedious process, requiring specialized personnel 

and efficient computational methods. Artificial intelligence (AI) and more specifically machine learning 

(ML) can play a key role in providing clinicians with faster access to medical data (Precision Medicine 

Knowledge Base AI Bot – WCM/NYP collaboration with Microsoft),5 better diagnostic tools,6,7 and drug 

discovery methods.8 Furthermore, integrating precision medicine data into electronic health records 

(EHRs)9 and applying AI and ML methods to EHRs will allow clinicians to better match patients to novel 

targeted therapies by exploiting the molecular vulnerabilities of their disease.
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Q.  How can we address the challenges related 
to security and privacy with personal health 
information?

In an era characterized by data breaches and the inappropriate sharing 

of personal information online, it is increasingly important to ensure that 

patient health and privacy information is adequately protected. Adhering to 

Health Insurance Portability and Accountability Act (HIPAA) guidelines and 

adopting the latest security standards is a great first step to ensure that 

both security and privacy with personal health information are protected. 

Building on top of HIPAA, the National Institute of Health’s All of Us 

Research Program10 (formerly known as Precision Medicine Initiative) has 

established the PMI Privacy and Trust Principles11 and the PMI Data Security 

Policy Principles and Framework.12 These principles promote transparency, 

respect of participant preferences, and describe in detail how data are 

shared, accessed, used, and how data quality and integrity is maintained. 

Furthermore, they outline how to protect, detect, respond to, and recover 

from a malicious attack from a third-party actor.

Q.  What have neoadjuvant endocrine therapy 
studies taught us about the role of precision 
medicine in breast cancer?

Neoadjuvant endocrine therapy provides a unique opportunity to study 

endocrine-sensitive and -resistant breast cancer with hormone receptor-

positive phenotype. This setting is gaining traction for accelerated 

development of effective therapy allowing integration of biomarkers 

and surrogate endpoints into the process of care for tumors that exhibit 

endocrine therapy resistance. Molecular testing at diagnosis to define 

the genetic “fingerprint” and accompanying molecular dependencies of 

the tumors we seek to eliminate, followed by longitudinal assessments 

of both clinical and biomarker responses, allows for patient selection to 

enroll in novel clinical trials exploring the impact of agents that aim to 

enhance response beyond that of endocrine treatments alone. From the 

precision medicine standpoint several lessons have been learned: the 

slow emergence of downstaging is relating to lower rate of apoptosis with 

endocrine therapy and dependence of response on the antiproliferative 

effects of estrogen deprivation. While change in Ki67 is accepted as 

a validated endpoint for comparing endocrine neoadjuvant agents, 

on-treatment levels of Ki67 are related to long-term prognosis more 

closely than pretreatment Ki67. The Preoperative Endocrine Prognostic 

Index (PEPI) combines residual Ki67 score with measures of on-treatment 

estrogen receptor (ER) and other clinicopathologic factors and has 

clinical utility. Preliminary studies demonstrate that tumors that exhibit 

aromatase inhibitor resistant proliferation in the neoadjuvant setting is 

often sensitive to cyclin-dependent kinase inhibitor (CDKi) CDK4/6i. Serial 

Ki67 monitoring before surgery is therefore the logical approach to tailored 

use of adjuvant CDK4/6i treatment.13 Recent data demonstrated more 

pronounced treatment effect with the phosphoinositide 3-kinase (PI3K) 

selective inhibitor in the PIK3CA-mutated hormone receptor-positive, 

human epidermal growth factor receptor 2 (HER2)-negative breast cancer.14 

Supression of proliferation is a pharmacodynamic indicator of response, but 

possibly not the only one in the ER signaling pathway. A more comprehensive 

study of residual disease will elucidate the constitute of response. Although 

many challenges remain to be addressed, the implementation of molecular 

testing has introduced new possibilities for informing precision medicine 

decisions. The Trial of Perioperative Endocrine Therapy – Individualizing 

Care (POETIC) is ongoing (NCT02338310).15

Q.  How can precision medicine address the 
challenge of intra-tumor heterogeneity 
resulting from clonal evolution of the disease?

Advances in genetic sequencing analysis are helping to illuminate the 

prevalence of intra-tumor heterogeneity, which allows us to answer 

compelling high priority clinical questions. Intra-tumor heterogeneity refers 

to cellular diversity attributed to genetic and epigenetic factors, and to non-

hereditary adaptive responses to selective pressures through the dynamic 

evolution of cancerous clones. Intra-tumor heterogeneity poses significant 

challenges and rationalizes differences in response to treatment.16 

Precision medicine aims to decode the intra-tumor heterogeneity.16 The 

opportunity to define and re-define the molecular signature of a given 

tumor at multiple time points along its evolutionary lineage enables 

an understanding of the clonal evolution of tumors. Beyond untreated 

tumors, the ability to perform whole exome sequencing and clonality 

analysis of metastatic tumors is crucial to detect potentially actionable 

mutagenic divergence due to dynamic clonal evolution through the 

natural course of the tumor and treatment effect. The recent development 

of single-cell sequencing tools allows the transcriptomes of thousands of 

cells to be processed simultaneously in order to identify subpopulations 

of cells and provide functional insights.17,18 Understanding how tumors 

that are inherently chemoresistant and hard wired to migrate and invade 

as well as treatment influence in directing the evolution of different 

subclones is a compelling question with significant clinical implications, 

and its answer will allow therapy to be tailored to a changing tumor and 

its microenvironment. In this setting we clinicians work very closely with 

our scientist colleagues at the Englander Institute of Precision Medicine 

at Weill Cornell (https://eipm.weill.cornell.edu). q
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