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Abstract
full mutational landscape of tumors could help reconstruct
their phylogenetic trees and trace the subclonal origins of
therapeutic resistance, relapsed disease, and distant metastases,
the major causes of cancer-related mortality. Real-time assessment of the tumor subclonal architecture, however, remains
limited by the high rate of errors produced by most genomewide sequencing methods as well as the practical difﬁculties
associated with serial tumor genotyping in patients. This review
focuses on novel approaches to mitigate these challenges using
bulk tumor, liquid biopsies, single-cell analysis, and deep
sequencing techniques. The origins of intratumor heterogeneity and the clinical, diagnostic, and therapeutic consequences
in breast cancer are also explored. Mol Cancer Res; 15(9); 1127–37.

Introduction

sequencing analysis of matched primary tumor and metastatic
sites in a breast cancer patient and showed that the mutational
makeup of metastases diverged signiﬁcantly from the primary
tumor, suggesting that clonal selection occurs during disease
progression (7). Nik-Zainal and colleagues further deﬁned the
timescale of breast cancer evolution and showed how deep
sequencing analysis of bulk tumor samples can reveal the
presence of both clonal mutations present in most cells of
the tumor (likely reﬂecting early events in tumorigenesis), and
low-frequency subclonal mutations present only in minor
subpopulations (8). Multiregion sequencing of breast tumors
has also provided insights into spatial heterogeneity and
shown that subclonal populations can carry driver mutations,
suggesting that therapies directed against tumor subpopulations could potentially prevent disease progression (9). These
ﬁndings are consistent with a recent large-scale prospective
study of intratumor heterogeneity in lung cancer, which
showed that subclonal diversiﬁcation is associated with
decreased recurrence-free survival (10). Emerging techniques,
such as liquid biopsy analysis and single-cell sequencing, may
yield a more comprehensive portrait of intratumor heterogeneity,
but these methods currently remain limited by high costs and
technical challenges, such as sequencing artifacts introduced by
genome ampliﬁcation.
Individual breast cancers are thus deﬁned by both a small number
of well-characterized genomic abnormalities and a much larger
number of other changes that are rare or unique to the individual
patient (11). The extent of subclonal heterogeneity likely remains
underestimated, as low-frequency genetic variants fall below the
limit of detection of conventional genomic analysis. Furthermore,
most clinical trials do not assess intratumor heterogeneity, which

Breast cancers are heterogeneous both in their molecular
features and clinical behaviors. With the elucidation of the
relationship between estrogen receptor expression and response
to endocrine therapy, breast cancer became one of the ﬁrst
solid tumors for which the clinical implications of intertumor
heterogeneity were realized (1). A landmark investigation by
Perou and colleagues showed that tumors could be further
stratiﬁed into subtypes according to gene expression patterns
(2). Later studies by Sorlie and colleagues established the
clinical signiﬁcance of these mutational signatures, which are
now used to stratify breast cancer patients for therapy (3). The
advent of high-throughput sequencing has enabled deeper
analysis of tumor genomes on a large scale and revealed an
even wider landscape of breast cancer subgroups and clinical
phenotypes (4, 5).
As early as the 1970s, it was recognized that genetic heterogeneity can also be found within individual breast tumors (6).
Since then, intratumor heterogeneity has been characterized in
both spatial and temporal terms. In a conceptual breakthrough
reported in 2009, Shah and colleagues used next-generation
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High-throughput genomic technologies have revealed a
remarkably complex portrait of intratumor heterogeneity in
cancer and have shown that tumors evolve through a reiterative
process of genetic diversiﬁcation and clonal selection. This
discovery has challenged the classical paradigm of clonal
dominance and brought attention to subclonal tumor cell
populations that contribute to the cancer phenotype. Dynamic
evolutionary models may explain how these populations grow
within the ecosystem of tissues, including linear, branching,
neutral, and punctuated patterns. Recent evidence in breast
cancer favors branching and punctuated evolution driven by
genome instability as well as nongenetic sources of heterogeneity, such as epigenetic variation, hierarchal tumor cell organization, and subclonal cell–cell interactions. Resolution of the
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could potentially give insights into the prognostic signiﬁcance of
subclonal diversity. Here, we review novel techniques for resolving
tumor subclonal architecture and emerging methods for inferring
the evolutionary patterns of tumors. We also explore the origins of
intratumor heterogeneity and the clinical, diagnostic, and therapeutic implications in breast cancer.

Origins of Intratumor Heterogeneity
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Figure 1.
A, Evolutionary mechanisms of intratumor heterogeneity. High-throughput sequencing has revealed evidence of variegated clonal architectures in breast
cancer and other malignancies, including linear, branching, neutral, and punctuated evolution. These evolutionary models are not mutually exclusive and
may coexist within tumors. Linear evolution is deﬁned by sequential clonal succession but can generate intratumor heterogeneity if clonal sweeps are
incomplete as shown. In branching evolution, in contrast, clonal diversity results from divergent subclones that emerge independently. Neutral evolution
is deﬁned by the absence of selection, wherein heterogeneity is a byproduct of tumorigenesis that results from stochastic processes. In the punctuated
model, the majority of detectable subclonal alterations occur early in cancer evolution and tumors grow as a single clonal expansion. Subsequent
subclonal expansions are rare and fail to homogenize the tumor. t, founder (trunk) alteration; s, subclonal (branch) alterations; n, neutral mutations. B, Recent
evidence indicates that both competition and cooperation may occur between subclones, which may also inﬂuence the evolutionary dynamics of tumor
cell subpopulations. These interactions are governed by non–cell-autonomous signaling and the tumor microenvironment.
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Cancer genome instability
Heterogeneity in cancer arises from the introduction of genetic
and epigenetic alterations by genomic instability and different
patterns of clonal evolution (Fig. 1A). Genomic instability entails
processes operating at multiple scales, ranging from single nucleotides to whole chromosomes (12). Most studies of nucleotidelevel instability have focused on defects in the DNA repair system,
including nucleotide excision repair, base excision repair, mismatch repair, and the proofreading activity of replicative DNA
polymerases. Genome-wide sequencing has recently uncovered
evidence of mutations that are densely clustered in short DNA
segments in a manner that cannot be explained by DNA repair
defects alone. In breast cancer, for example, Nik-Zainal and
colleagues found long coordinated stretches of single-nucleotide
substitutions, a complex mutational process known as kataegis
(8). This phenomenon has been shown to colocalize with chromosomal rearrangements occurring during the repair of DNA
breaks, which exposes single-stranded DNA to the action of the
APOBEC family of enzymes (13, 14).

Chromosomal rearrangements have been recognized in cancer
for over 100 years. Whether these lesions actively drive the early
stages of carcinogenesis or simply reﬂect the byproducts of tumor
evolution remains the subject of debate. In a large pan-cancer
analysis, Davoli and colleagues showed compelling evidence that
chromosomal instability directly contributes to tumorigenesis by
providing a mechanism through which cancer cells acquire additional copies of oncogenes (e.g., triplosensitivity) and lose copies of
tumor suppressor genes (e.g. haploinsufﬁciency; ref. 15). These
ﬁndings are consistent with data from yeast models, cancer cell
lines, xenografts, and primary tumors, which have established a
mechanistic linkage between aneuploidy and genomic instability
(16, 17). Several molecular processes have been implicated in
chromosomal instability, including oncogene-induced replication
stress (18), defective mitosis (19), whole-genome doubling (20),
and telomere attrition (21). Among the most intriguing ﬁndings of
high-throughput sequencing analysis has been the recent discovery
of localized complex structural rearrangements, such as chromothripsis, which causes punctuated evolution of the cancer genome
on a large scale in only a single or a few cell divisions (22). The
molecular basis of this phenomenon is poorly understood, but its
tendency to involve highly transcribed regions and open chromatin
suggests a mechanistic linkage with transcription.

Intratumor Heterogeneity in Breast Cancer

Evolutionary dynamics in cancer
In the 1970s, Peter Nowell ﬁrst proposed an evolutionary
framework for carcinogenesis and described tumor progression
in terms of the evolution of a single increasingly aggressive clone
(32). This model gained support from later work by Vogelstein
and colleagues in colorectal cancer, which advanced the view
of linear step-wise clonal succession (33). Most data supporting linear evolution are derived from single-gene studies that
likely underestimate clonal diversity. Unbiased genome-wide
sequencing has recently demonstrated more complex clonal
architectures that evolve during disease progression (34). The
application of phylogenetic inference to deep sequencing
data has also shed light on the evolutionary history of tumors
and revealed different patterns of cancer evolution, including
branching, neutral, and punctuated evolution.
Branching evolution is deﬁned by the gradual accumulation of
new driver mutations in subclonal populations, which expand in
parallel or converge upon the same molecular pathway if positively
selected. In neutral evolution, random mutations accumulate over
time without selection, leading to extensive intratumor heterogeneity that is a byproduct rather than an active driver of tumorigenesis. Punctuated evolution, in contrast, posits that genomic
events occur in short bursts of time, and intratumor heterogeneity
is generated during the early stages of cancer. In this so-called "Big
Bang" model (35), tumorigenesis is initiated by a catastrophic
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genomic event, such as chromothripsis, and tumors are "predetermined" to become invasive, metastatic, or drug resistant.
Current evidence of neutral evolution in cancer is derived
primarily from low-depth exome data prone to sequencing errors
(36), and its prevalence across cancer types remains controversial.
Branching evolution, in contrast, has been evidenced by the
presence of subclonal driver mutations found in deep sequencing
studies of breast cancer (9) as well as other malignancies such as
kidney cancer (37), lung cancer (38), and melanoma (39). One of
the ﬁrst observations of punctuated evolution in breast cancer was
reported by Hicks and colleagues, who described "ﬁrestorms" of
localized chromosomal rearrangements associated with poor
outcomes (40). Most recently, punctuated evolution has been
supported by deep sequencing and single-cell studies that have
examined copy number variation and other chromosomal phenomena, such as chromothripsis (41).
Subclonal cell–cell interactions and clonal interference
Increasing evidence suggests that clonal evolution may not be a
stochastic process but rather shaped by paracrine and cell–cell
interactions. Communication between tumor cells and cells in the
tumor microenvironment has been well studied in breast cancer
and recognized as an important determinant of tumor progression
and treatment response. Attention has recently shifted to communication between coexisting subpopulations within tumors,
including subclonal interactions and clonal interference (Fig.
1B). In a mouse model of breast cancer, for example, Marusyk
and colleagues demonstrated evidence of non-cell-autonomous
signaling wherein tumor growth is driven by minor subpopulations of cells that do not have higher selective ﬁtness themselves
but stimulate the growth of all other clones by secreting tumorpromoting factors such as IL11 in the microenvironment (42).
Other groups have identiﬁed further evidence of non–cell-autonomous signaling between tumor-initiating cancer stem cells and
their progeny (43). These interactions are thought to drive tumor
growth through positive feedback loops mediated by signaling
molecules, such as Wnt family members and IL6, which have
recently emerged as novel therapeutic targets for breast cancer. In
total, these data imply that targeting only the most abundant
clonal population in tumors may be a suboptimal therapeutic
strategy. They further highlight the need for deep sequencing
techniques to resolve the tumor subclonal architecture and provide
justiﬁcation for the development of treatment paradigms that
inhibit cooperativity between tumor subpopulations.
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microenvironment, such as metabolite gradients (24). A number of
cancer types, including breast cancer, may also contain a hierarchy
of tumorigenic and nontumorigenic subpopulations, commonly
referred to as the cancer stem cell hypothesis (25). These archetypes
are not mutually exclusive and can coexist within individual
tumors. The stem cell model, for example, predicts that clonal
evolution and tumorigenic stem cell differentiation can jointly or
independently contribute to intratumor heterogeneity (26). However, the relative contribution of different sources of heterogeneity
to clinical behaviors, such as drug resistance and metastasis,
remains unclear. Deep sequencing studies of breast cancer and
other solid tumors have revealed pervasive genetic diversiﬁcation
that could be the main driver of phenotypic heterogeneity. Nonetheless, the true extent of nongenetic sources of heterogeneity
is likely underestimated due to the limitations of current experimental techniques, underscoring the need for novel methods for
mapping intratumor epigenetic and transcriptional patterns.
Epigenetic alterations in cancer, including posttranslational
histone modiﬁcations, DNA methylation, transcription factors,
and noncoding RNA, have been studied for nearly 30 years. In
breast cancer, epigenetic mediators, such as the histone methyl
transferase EZH2 (27) and linker histone H1.0 (28), are now
recognized to have key roles in tumorigenesis, including the
maintenance of tumor-initiating cancer stem cells and have
emerged as potential therapeutic targets. Multi-omics analysis of
the genome and epigenome in other malignancies, such as brain
tumors (29), prostate cancer (30), and chronic lymphocytic
leukemia (31), has revealed that evolutionary phylogenies
inferred from the somatic mutation and methylation proﬁles of
tumors are highly concordant, suggesting that aberrant epigenetic
states may either promote genomic instability or result from
genetic changes that select for certain epigenetic patterns. These
results warrant the application of a multi-omics approach to
investigating the origins and functional consequences of intratumor heterogeneity in breast cancer.

Detecting Rare and Subclonal Mutations
in Bulk Tumor Tissue
Massively parallel sequencing or "next-generation sequencing," a form of digital PCR that allows high-throughput analysis
of the genome, has revolutionized the detection of somatic
mutations in cancer. However, this approach cannot be used
to detect rare mutations due to the high rate of errors that arise
from library preparation and genome ampliﬁcation during
the sequencing process. Computational modeling by Maley
and colleagues suggests that subclonal populations carrying
driver mutations may be present in tumors at frequencies as
low as 10 7 (44). Base-calling algorithms can improve the error
rate of DNA sequencing but instrument-driven errors still
preclude the detection of mutations that occur at frequencies
less than 10 4 (45). Two related approaches for preparing
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Figure 2.
Workﬂow of Safe Sequencing (A), duplex sequencing (B), and circle sequencing (C). Safe sequencing (46) and the duplex method (48) utilize molecular
barcoding to label DNA templates and create "read families" that allow discrimination of true mutations from sequencing and ampliﬁcation errors.
Read families must contain at least three members to generate a consensus sequence. Circle sequencing (49) eliminates the need for barcoding, offering a
more cost-effective alternative for identifying rare genetic variants. These techniques can identify SNVs with great accuracy but have limited resolution of
structural events owing to short read lengths and low depth of sequence coverage. dsDNA, double-stranded DNA; ssDNA, single-stranded DNA.

sequencing libraries called Safe Sequencing and duplex
sequencing were recently introduced to resolve this problem.
Safe Sequencing involves ligation of a barcode or "unique
identiﬁer" (UID) to each DNA template molecule followed by
ampliﬁcation, which results in a large number of identical daughter molecules that contain the barcode as well as any mutations
present in the original template (46). Consensus analysis of UID
read families allows discrimination of sequencing errors from true
somatic mutations (Fig. 2A). However, this technique still produces an error rate of about two false mutations per 10,000
nucleotides, which arise during the assignment of barcodes and
PCR ampliﬁcation (47). In duplex sequencing, in contrast, both
strands of the DNA duplex are barcoded and sequenced, and
mutations are scored only if they are present at the same position
in both strands (Fig. 2B; ref. 48). Duplex sequencing eliminates
the effects of sequencing artifacts and detects mutations with an
error rate of less than one false mutation per billion nucleotides,
allowing the identiﬁcation of rare genetic variants with unprecedented accuracy.
Although Safe Sequencing and the duplex method have significantly improved detection of subclonal mutations, they both
suffer from short read lengths and low coverage of the genome. As
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a result, these relatively inefﬁcient techniques are currently only
useful for interrogating small genomic targets. One alternative to
barcoding is circle sequencing, wherein genomic DNA is fragmented, circularized by ligating fragment ends, and ampliﬁed
using a rolling-circle polymerase (49). Each circularized DNA
fragment gives rise to about three linear copies that can be used to
deduce a consensus sequence (Fig. 2C). In this approach, all
copies of the template are physically linked and barcoding is not
required to identify read families, which eliminates the need for
redundant PCR ampliﬁcation. Circle sequencing improves speciﬁcity and results in one false mutation per million nucleotides
but at a cost to overall sensitivity due to loss of some template
DNA during circularization (49).
The technical complexity of Safe Sequencing and circle
sequencing has limited their widespread utilization in cancer
biology. In contrast, several groups have reported diverse
applications for duplex sequencing since its invention, including identiﬁcation of drug-resistant mutations in patients with
chronic myelogenous leukemia (50), early detection of ovarian
cancer by sequencing of TP53 in Pap smear DNA (51), and
analysis of mitochondrial DNA mutations in breast stem cells
(52). Most recently, the duplex method has been applied to
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signiﬁcantly improve the sensitivity of circulating tumor DNA
(ctDNA) analysis (53) and single-cell genome sequencing (54).
Another important beneﬁt of duplex sequencing is that it can
provide accurate measurement of allelic frequencies, and thus,
the mutation rate of tumors. The question of whether malignant cells exhibit an elevated rate of mutation compared with
normal cells has been the subject of debate since the mutator
phenotype hypothesis was ﬁrst proposed as a driving force of
tumor progression (55).

Emerging Approaches for Interrogating
Subclonal Architecture

www.aacrjournals.org

Single-cell analysis of bulk tumor tissue
Single-cell analysis offers the most deﬁnitive approach for
reconstructing the clonal architecture and phylogenetic trees of
cancer but is complicated by low input material for molecular
proﬁling studies, such as DNA sequencing. Initial efforts for
amplifying single-cell genomes used PCR-based methods,
which are effective for measuring certain classes of mutations,
such as CNAs, but offer low genomic coverage and limited
resolution of SNVs (62). This was later followed by the introduction of multiple displacement ampliﬁcation (MDA) in
2001, which utilizes a DNA polymerase with high replicative
ﬁdelity and offers much higher genomic coverage with fewer
errors than PCR (63). Although potentially prone to certain
biases, such as preferential ampliﬁcation and allelic dropout,
MDA has been widely applied for investigating genetic heterogeneity in cancer. Wang and colleagues, for example, recently
introduced a technique for single-cell analysis known as Nucseq, which utilizes MDA in combination with duplex sequencing and ﬂow cytometry to isolate single tumor cells for sequencing (54). In patients with breast cancer, the authors applied
Nuc-seq to measure intratumor genomic heterogeneity and
found evidence of punctuated clonal evolution (Fig. 4).
One alternative method for single-cell whole-genome ampliﬁcation called MALBAC emerged in 2012 to mitigate ampliﬁcation bias and signiﬁcantly reduce the rate of sequencing errors
(64). This approach minimizes ampliﬁcation artifacts by utilizing quasi-linear ampliﬁcation that only produces copies of the
original DNA template rather than exponential copies of copies
as in PCR-based methods and MDA. MALBAC currently offers
the lowest false-negative rate for detecting SNVs but results in
higher false positives compared with MDA owing to a lower
ﬁdelity polymerase. MALBAC has been successfully applied to
measure genomic heterogeneity in CTCs of patients with lung
cancer (61) and mutation rate in colon cancer cells (64).
Most studies utilizing MDA and MALBAC have examined
only tens to hundreds of cells due to the high cost of single-cell
genome-wide analysis and thus provide a limited representation of large tumor cell populations. Zahn and colleagues
recently introduced a novel method called direct library preparation (DLP), which eliminates ampliﬁcation prior to sequencing and prepares libraries directly from single-cell DNA (65). In
this approach, unampliﬁed DNA is barcoded and sequenced at
low depth to generate a copy number proﬁle for each single-cell
genome. Cells with shared proﬁles are then used to derive a
high-depth consensus genome for each clone from which SNVs
can be identiﬁed. Using breast cancer xenograft tumor cells, the
authors were able to resolve tumor subpopulations and clonal
evolution between serial passages. At a cost of only $0.50 per
cell for library preparation and a sensitivity for low-frequency
subclones of about 0.05%, DLP represents a signiﬁcant
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Liquid biopsies and serial tumor genotyping
The advent of blood-based analysis of solid tumors using intact
circulating tumor cells (CTC) and cell-free ctDNA has introduced
a noninvasive approach for tumor genotyping that is readily
amenable to serial sampling and thus convenient for investigating
temporal patterns of intratumor heterogeneity. Previous studies
have applied amplicon-based methods (56) as well as wholeexome and whole-genome techniques (57) for sequencing
ctDNA, but these approaches remain costly and lack sensitivity
for detecting low-frequency alleles. One promising alternative
called CAPP-Seq was introduced by Newman and colleagues in
2014 to address these limitations (Fig. 3). CAPP-Seq lowers the
cost of ctDNA sequencing to less than $500 per patient by
targeting only speciﬁc loci in the genome that are recurrently
mutated for a given cancer (58). This method can resolve all major
classes of mutations, including single-nucleotide variants (SNV),
copy number alterations (CNA), and structural rearrangements.
The authors recently integrated duplex sequencing into the
CAPP-Seq workﬂow to further improve recovery of ctDNA from
blood samples and reduce sequencing errors (53). In 30 patients
with lung cancer whose tumors had been previously genotyped,
this approach achieved 92% sensitivity and 100% speciﬁcity for
detecting known EGFR mutations and could identify mutations
present at frequencies as low as 0.004% in ctDNA, the most
sensitive rate reported to date.
A key advantage of cell-free ctDNA analysis is the relative ease
with which plasma can be collected for sequencing without the
need for costly tools to enrich rare and fragile CTCs. Genetic
analysis of CTCs remains hindered by several technical challenges, including low signal-to-noise ratios, ampliﬁcation bias,
and polymerase errors. High-throughput analysis of ctDNA is
thus likely to remain the preferred clinical biomarker for
interrogating genomic architecture. However, this strategy limits analysis to SNVs, CNAs, structural rearrangements, and DNA
methylation changes. Intact CTCs, in contrast, can be characterized at the level of DNA, RNA, and protein. Most notably,
CTCs can also be used for functional in vitro and in vivo models
to assess their potential roles in metastasis.
Several groups have demonstrated how analysis of gene expression in CTCs can provide insights into intratumor heterogeneity.
Powell and colleagues, for example, reported one of the ﬁrst
studies of transcriptional heterogeneity in CTCs, using multiplexed quantitative PCR analysis of 87 cancer genes in individual
CTCs derived from patients and single cells isolated from breast
cancer cell lines (59). These experiments showed that the transcriptional proﬁles of CTCs differed signiﬁcantly from breast
cancer cell lines, suggesting that CTC proﬁling could be more
useful than cell line data for identifying putative therapeutic

targets in patients with advanced disease. Other groups have
recently applied whole-exome sequencing of single CTCs in
patients with prostate cancer (60) and lung cancer (61). These
studies have shown that CTCs carry a large fraction of the mutations present in primary tumor and metastatic sites but also
harbor many CTC-speciﬁc mutations that remain difﬁcult to
validate. Improvements in single-cell analysis methods could
enable genome-wide analysis of CTCs and provide further
insights into the evolutionary relationship between primary
tumor, metastatic sites, and CTCs.
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Figure 3.
Assessing subclonal architecture using cell-free ctDNA. The CAPP-Seq technique leverages novel bioinformatics methods and library construction techniques
optimized for low amounts of input DNA (58). Publicly available data from genome-wide sequencing efforts are ﬁrst analyzed to identify the smallest
genomic region that can capture the most mutations within a given subject with cancer, which is termed a "selector." For example, Newman and
colleagues created a selector covering about 125 kb of the genome and containing 139 genes in patients with NSCLC. These regions of interest are
then interrogated in individual patients using tissue samples from bulk tumor and plasma during the natural history of disease. In one patient with
metastatic NSCLC treated with an EGFR inhibitor, CAPP-Seq allowed resolution of resistance mutation patterns in plasma. Of note, clonal and subclonal
resistance mutations in the EGFR gene were unexpectedly suppressed after treatment with erlotinib. The authors recently integrated the duplex
method for library preparation to further increase the sensitivity of CAPP-Seq, allowing the detection of rare alleles in ctDNA with higher sensitivity and
speciﬁcity (53). These ﬁndings were concordant with sequencing data from bulk tumor samples, suggesting that ctDNA analysis could potentially be
applied for biopsy-fee tumor genotyping. Graph adapted from Newman and colleagues (see ref. 58). TCGA, The Cancer Genome Atlas; ICGC, International
Cancer Genome Consortium; COSMIC, Catalogue of Somatic Mutations in Cancer.

advancement in throughput and cost-effectiveness for singlecell analysis.
The clearest advantage of single-cell analysis over bulk tumor
assays lies in functional studies that extend beyond mutation
detection, for example, epigenetic and gene expression studies
to deﬁne cell states and gene regulation in cancer. Single-cell
studies preserve information that is lost in bulk tumor gene
expression assays, which cannot compartmentalize data by cell
type and thus are unable to distinguish changes in expression
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that arise from gene regulation versus shifts in the cellular
composition of a mixed sample. Immunophenotyping has
recently shown promise as one approach for addressing this
issue and assessing heterogeneity in bulk tumor biopsies (66)
but may potentially mask distinct subpopulations that share
common cell surface marker proﬁles. Recent advances in singlecell genomics, including high-throughput single-cell RNA
sequencing (reviewed in detail by Kolodziejczyk and colleagues; see ref. 67) and epigenetic proﬁling (reviewed in detail by
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Measuring clonal evolution using single-cell sequencing. Wang and colleagues recently introduced a novel cost-efﬁcient approach to single-cell analysis that
entails cell sorting to isolate G2–M-phase tumor cells for sequencing (54). The authors applied duplex barcoding for library preparation, which allowed
detection of low-frequency mutations occurring in less than 10% of the tumor mass as well as estimation of mutation rate. Single-nucleotide and
structural variants were detected using bioinformatics algorithms. In two patients with ER-positive and triple-negative ductal carcinoma, the authors
found aneuploid rearrangements were present early in tumor evolution and remained largely stable, whereas point mutations evolved gradually and
generated extensive intratumor diversity.

Schwartzman and colleagues; see ref. 68) as well as integrated
analysis of the genome, epigenome, and transcriptome at the
single-cell level (69), have ushered a turning point in cancer
biology, allowing functional proﬁling of thousands of individual cells in a single experiment. These studies can be performed
on samples containing mixed cellular populations without the
need for experimental puriﬁcation, which could allow unbiased
characterization of novel cell types and cellular states. Perhaps
the most exciting promise of these techniques is their potential
application in predictive modeling of cellular phenotypes and
dynamics in cancer. Single-cell multi-omics methods might
also be used to annotate mutation-based tumor phylogenies
with functional cell state information and thus disclose, for
example, the gene expression proﬁles of emerging subclones.
A fundamental barrier facing single-cell analysis, however, is
validation of genetic and transcriptional data, which are potentially prone to errors such as false positives (due to sequencing
errors) and false negatives (due to allelic dropout, ampliﬁcation artifacts, and germline variants). This raises the question of
whether changes in DNA and RNA detected by single-cell
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methods reﬂect true biological heterogeneity or just extensive
technical errors. Several groups have shown that low-throughput techniques, such as single-cell quantitative PCR and singlemolecule RNA FISH, are useful for validating new transcripts
discovered by high-throughput single-cell RNA sequencing
(70). Few studies, in contrast, have reported robust methods
for validating subclonal mutations, which are present in less than
1% of the tumor mass. One notable exception entails comparison
of single-cell mutational data with ultradeep sequencing analysis
of bulk tumor DNA. This approach requires the application of
sequencing techniques that can resolve the subclonal architecture
with high accuracy such as the duplex method, which has been
successfully applied to validate single-cell genomic data in breast
cancer (54).

Inferring Clonal Evolution from Deep
Sequencing Data
As the sampling depth of sequencing techniques increases,
so too will the multiplicity of genomic changes found in
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tion (42) and coevolution with the microenvironment (80). There
is an emerging need for more sophisticated computational tools
that can accommodate these subtleties as well as methods of
validating the results of phylogenetic inference in individual
patients.

Clinical and Therapeutic Implications of
Intratumor Heterogeneity
Intratumor heterogeneity poses signiﬁcant diagnostic and
therapeutic challenges in the clinical setting. Spatial heterogeneity, for example, may confound the accuracy of single-region
biopsies and gene expression proﬁle tests used for prognostic
risk stratiﬁcation, such as Oncotype Dx (81). The clonal composition of metastatic sites may also branch from the primary
tumor and thus limit the efﬁcacy of therapies for relapsed
disease that are guided by the original molecular proﬁle of the
primary tumor. This has led to the development of mathematical tools for quantifying and mapping intratumor heterogeneity, such as the Shanon index, an ecologic measure of clonal
diversity that can integrate genomic data with protein expression and histopathologic tumor grade. Polyak and colleagues,
for example, have applied the Shannon index in breast cancer
and shown that intratumor heterogeneity in genomic traits,
such as chromosome 8q24 copy number, is strongly associated
with tumor grade and predictive of in situ-to-invasive breast
carcinoma transition (82). Ecologic indices can also be used to
investigate the genomic and phenotypic topography of metastatic disease and have recently shown evidence of evolutionary
bottlenecks in metastasis (83). These results imply that
although single-region biopsies of a primary tumor are likely
prone to sampling bias, clinical decision-making based upon
biopsy of single distant metastatic site might be reasonable.
Molecularly guided therapies promise to revolutionize cancer
treatment, but drug resistance remains nearly universal in metastatic disease, and durable clinical beneﬁt remains elusive, a
phenomenon that may be attributable in part to clonal evolution. Several evolutionary-based strategies have thus been proposed to overcome this problem, including therapies that target
early driver events shared by all tumor cells (e.g., the phylogenetic "trunk" of a tumor; ref. 84) or therapies directed against
convergent phenotypic evolution (e.g., common molecular
pathways affected by distinct mutations in the phylogenetic
"branches" of a tumor; ref. 85). In lung cancer and melanoma,
for example, patients with a higher ratio of trunk (clonal) to
branch (subclonal) mutation-associated neoantigens have been
found to derive greater survival beneﬁt from immune-based
therapies, such as PD-1 and CTLA-4 blockade (86). These results
suggest that novel immunotherapies directed against multiple
clonal neoantigens could be an effective approach to address the
clinical challenges introduced by intratumor heterogeneity.
Alternatively, adaptive treatment strategies that utilize doseskipping algorithms to maintain drug-sensitive tumor subpopulations rather than eradicate disease have also shown promise
in preclinical trials of breast cancer (87). This approach, which
aims to prevent the competitive release of drug-resistant subclones, is particularly appealing, as it can be achieved using
conventional chemotherapeutic drugs and may be applicable to
existing targeted therapies.
Tumor heterogeneity, cell state plasticity, and drug resistance can also result from alterations in epigenetic control, a
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cancer. One particular challenge facing analysis of these data is
clonal deconvolution or the identiﬁcation of distinct clonal
populations and their relative populations in bulk tumor
samples that contain an admixture of cancer cells as well as
stromal and immune cells. This has led to the development of
bioinformatics tools such as the THetA (71) and TITAN (72)
algorithms, which enable inference of tumor subpopulations
directly from DNA sequencing data. A drawback of THetA and
TITAN, however, is that they can only identify subpopulations
containing CNAs and cannot distinguish subpopulations
deﬁned only by SNVs. Numerous other tools have thus been
introduced that focus on the latter. Shah and colleagues, for
example, developed the PyClone tool for identifying subclonal
tumor populations in a large cohort of breast cancer patients
and demonstrated widespread variability in the number of
subpopulations present within individual tumors (73). Clonal
deconvolution algorithms can be used either as a preprocessing step for sequencing data analysis or integrated into software tools, such as SCHISM (74), which enable automated
reconstruction of the evolutionary trajectories (e.g., phylogenetic trees) of tumors.
Phylogenetic inference has introduced a novel approach for
investigating fundamental problems in cancer, such as the separation of driver mutations from passenger variants (75) and
elucidation of the timing and order of driver mutations during
disease progression (76, 77). Complex and often contradictory
evolutionary patterns have emerged from the application of
phylogenetic inference to cancer genomes, including natural
selection versus neutral evolution and linear versus branching
phylogenies. At least part of this variation likely arises from
differences in the markers used for phylogenetic inference (such
as SNVs, CNAs, and methylation patterns) as well as the mathematical models used for reconstruction of evolutionary trees
(such as maximum parsimony, minimum evolution, maximum
likelihood, and Bayesian sampling; ref. 78). Few studies have
compared how changes in study design affect phylogenetic inference. One important exception is a recent study by Zhao and
colleagues, which drew inferences only when multiple phylogenetic methods produced the same tree topology (79). In their
analysis of the clonal origins of metastases in 13 cancer types,
including breast cancer, the authors showed that some metastatic
lineages branch from the primary tumor early and in parallel
(often well before initial diagnosis), whereas others have a single
late origin. These results support both the branching and punctuated models of tumor evolution and may reconcile conﬂicting
conclusions reached by earlier studies.
Phylogenetic tools are prone to misuse, and successful application of these methods to cancer genetics requires careful selection of the most appropriate models and algorithms for analyzing
a particular data source. A computational model intended for
inferring the phylogenetic history of CNAs, for example, may
produce false trees if applied to SNV data. Several outstanding
problems in cancer phylogenetics also remain unresolved, including a lack of models for inferring phylogenies from more complex
genomic data, such as chromothripsis and kataegis as well as
single-cell sequencing data. Furthermore, most studies of evolutionary patterns in cancer thus far have relied on phylogenetic
models originally developed for studying Darwinian evolution of
species driven by competitive selection, but whether these are
adequate for characterizing clonal evolution in tumors remains
unknown, particularly given recent evidence of clonal coopera-
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possibility with profound therapeutic consequences given that
correction of stable somatic mutations is substantially more
difﬁcult than reversible epigenetic changes. Until recently,
epigenetic alterations were thought to be rare in solid tumors
and generally restricted to hematologic malignancies, childhood cancers, and highly aggressive solid tumors, such as
glioblastoma. Increasing evidence in other cancer types, such
as breast cancer, however, has illuminated the importance of
epigenetic regulators in functional heterogeneity, including
the emergence of drug-resistant cell states (88). Epigenetic
therapy has also recently shown promise as a priming treatment that sensitizes tumors, which are otherwise drug-resistant, to conventional and targeted therapies (89, 90). These
results highlight the emerging need for integrated analysis of
the genome, epigenome, and transcriptome, which may
advance our understanding of the relationship between cell
state plasticity and treatment response in cancer.

that are spatially and temporally restricted or derived from the
primary tumor alone. Targeted genomic methods currently offer
the most practical approach for investigating the subclonal architecture of tumors, but reductions in the cost of whole-genome
sequencing and single-cell analysis could eventually shift this
paradigm. Multi-omics approaches will yield deeper insights into
the mechanisms of clonal selection and help resolve the functional consequences of intratumor heterogeneity. There is also a
growing need to elucidate the molecular mechanisms of genetic
and epigenetic instability in breast cancer, which may inform the
design of novel treatment strategies, such as adaptive and
immune-based therapies that target the evolutionary dynamics
of cancer.
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