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Single-cell sequencing (SCS) is a powerful new tool for investigating evolution and diversity in cancer and understanding the

role of rare cells in tumor progression. These methods have begun to unravel key questions in cancer biology that have been

difficult to address with bulk tumor measurements. Over the past five years, there has been extraordinary progress in tech-

nological developments and research applications, but these efforts represent only the tip of the iceberg. In the coming

years, SCS will greatly improve our understanding of invasion, metastasis, and therapy resistance during cancer progression.

These tools will also have direct translational applications in the clinic, in areas such as early detection, noninvasive mon-

itoring, and guiding targeted therapy. In this perspective, I discuss the progress that has been made and the myriad of un-

explored applications that still lie ahead in cancer research and medicine.

A single cell is the ultimate denomination of amulticellular organ-
ism. The human body is composed of approximately 37.2 trillion
cells that live harmoniously among their neighbors (Bianconi
et al.2013).However, incancer,a singlecell can leadto thedownfall
of an entire organism. As a single cell begins its journey to evolve
into a malignant mass of tumor cells, the lineages diverge and
form distinct subpopulations resulting in intratumor heterogenei-
ty. Clonal diversity is a salient feature of many human tumors
(Navin et al. 2010; Gerlinger et al. 2012; Shah et al. 2012) and pro-
vides fuel for evolution to select upon. A tumor is analogous to an
ecosystem, and many principles from ecology and population ge-
netics can help us understandhow tumor cell populations respond
to selective pressures (Merlo et al. 2006; Greaves and Maley 2012).
Clonal diversity is likely to play an important role in invasion, me-
tastasis, and the evolution of resistance to therapy (Navin 2014a).
However, to date, our understanding of intratumor heterogeneity
in the context of tumorigenesis has been poor—at best. The central
problem inhibiting these studies is technical: Most genomicmeth-
ods requiremicrograms of inputmaterial and thus are limited to re-
porting an average signal from a complex population of cells. To
address this problem, single-cell sequencing (SCS) methods were
developed and have revolutionized our understanding of cancer
evolution and diversity. Additionally, these methods can provide
insight into the role of rare cells to understand their role in tumor
progression. Over the past five years, there has been extraordinary
progress in the development and application of single-cell DNA
andRNAsequencingmethods for cancer research (Fig. 1).However,
many technical challenges and unexplored applications still lie
ahead and serve as the basis of this perspective article (cf. Fig. 2).

The development of single-cell sequencing methods

A typical cancer cell contains∼6–12 pg of DNA and 10–50 pg of to-
tal RNA (1%–5% mRNA), depending on the ploidy and the cell

type (Livesey 2003). Therefore, the first step in any SCS experiment
involves whole-genome amplification (WGA) or whole-transcrip-
tome amplification (WTA) to obtain sufficient input material for
constructing next-generation sequencing (NGS) libraries. During
the amplification process, a number of technical errors may arise:
allelic dropout events (one allele is not amplified), amplification
distortion (transcripts are over/under amplified), false-positive
(FP) errors (infidelity of the polymerase), and coverage nonunifor-
mity (uneven amplification) (Navin 2014a; Zhang et al. 2015a).
The first DNA SCS method developed, single-nucleus sequencing
(SNS), combined flow-sorting by DNA ploidy, degenerative-oligo-
nucleotide-PCR (DOP-PCR), and next-generation sequencing to
measure genome-wide copy number profiles of single cells using
sequence read depth (Navin et al. 2011; Baslan et al. 2012). This
method achieved ∼10% physical coverage of a single-cell genome,
which was sufficient for measuring copy number aberrations, but
inadequate for detecting mutations at base-pair resolution. To im-
prove physical coverage, several single-cell DNA sequencingmeth-
ods were subsequently developed (BGI, nuc-seq, SNES) that utilize
the Phi29 enzyme to perform multiple-displacement amplifica-
tion (MDA) (Hou et al. 2012; Xu et al. 2012; Lohr et al. 2014;
Wang et al. 2014; Leung et al. 2015). These methods can now
achieve >90% coverage of a single-cell genome, allowing muta-
tions to be detected at base-pair resolution. nuc-seq and SNES
take advantage of G2/M single cells that have duplicated their ge-
nome prior toWGA, providing four copies of the genome as input
material and thereby reducing technical error rates (Wang et al.
2014; Leung et al. 2015). An alternative method uses a combina-
tion of MDA and adapter-ligation PCR called multiple annealing
looping-based amplification cycles (MALBAC) which improves
physical coverage, but at the cost of higher FP error rates due to
the Bst polymerase, which does not have proofreading activity
(Zong et al. 2012).

To profile RNA transcriptomes in single cells, initial methods
used oligo-dT primers followed by ligation adapter PCR (Tang et al.

Corresponding author: nnavin@mdanderson.org
Article and publication date are at http://www.genome.org/cgi/doi/10.1101/
gr.191098.115. Freely available online through the Genome Research Open
Access option.

© 2015 Navin This article, published in Genome Research, is available under a
Creative Commons License (Attribution-NonCommercial 4.0 International), as
described at http://creativecommons.org/licenses/by-nc/4.0/.

Perspective

25:1499–1507 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/15; www.genome.org Genome Research 1499
www.genome.org

mailto:nnavin@mdanderson.org
mailto:nnavin@mdanderson.org
http://www.genome.org/cgi/doi/10.1101/gr.191098.115
http://www.genome.org/cgi/doi/10.1101/gr.191098.115
http://www.genome.org/cgi/doi/10.1101/gr.191098.115
http://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml


2009) or linear transcription with T7 (Hashimshony et al. 2012).
These methods were challenged by strong 3′ bias due to the ineffi-
ciency of first-strand cDNA synthesis by reverse transcriptase. To
address this problem, a method that has template switching activ-
ity was developed, called Smart-seq, using an MMLV reverse tran-
scriptase (Ramsköld et al. 2012; Picelli et al. 2014). Further
developments incorporated unique molecular identifiers (UMIs)
to label each RNA molecule with unique barcodes prior to WTA
amplification, thereby reducing amplification bias (Islam et al.
2014). Although progress in the development of single-cell DNA
and RNA sequencing methods has been rapid, the development
of single-cell epigenomic profiling methods has proven to be
more challenging. Nevertheless, a few studies have forged ahead
and made some initial progress despite many technical errors
(Guo et al. 2013; Nagano et al. 2013). Detailed technical discussion
of single-cell DNA and RNA sequencing methods is provided in
other works (for review, see de Bourcy et al. 2014; Navin 2014a;
Van Loo and Voet 2014; Wu et al. 2014; Wang and Navin 2015).

Clonal diversity and evolution in primary tumors

Most SCS research studies to date have focused on investigating
intratumor heterogeneity and clonal evolution in primary tumors
(Table 1). SCS provides a powerful approach for resolving clonal
substructure and reconstructing phylogenetic lineages to under-
stand the genetic relationship between individual tumor cells.
Although intratumor heterogeneity presents a major challenge
for clinical diagnostic sampling and targeted therapy, it also pro-
vides a unique opportunity to reconstruct tumor evolution by as-
suming that mutational complexity increases with time.

In the first SCS study of clonal evolution in a human tumor,
SNS was used to profile genomic copy number in hundreds of sin-
gle tumor cells from two breast cancer patients, which revealed a
punctuated model of copy number evolution (Navin et al. 2011).
In a subsequent study, single-cell copy number profiles were com-
pared directly to single-cell exome data in two breast cancer pa-
tients, which showed that copy number evolution occurred
early, in punctuated bursts, whereas pointmutations evolved grad-
ually over time, leading to extensive clonal diversity in the tumor
mass (Wang et al. 2014). In this study, SCS also identified a large

number of rare subclonal (<1%) mutations that may play an im-
portant role in tumor evolution and therapy resistance.

Another group applied single-cell exome sequencing to study
clonal diversity in a JAK2 myeloproliferative disease (Hou et al.
2012) and a kidney tumor (Xu et al. 2012). These data showed
that single cells share common foundermutations, suggesting evo-
lution from a common origin, but had difficulty in resolving clon-
al substructure and genetic lineages due to high error rates.
However, in subsequent studies, the same group applied single-
cell exome sequencing to study clonal substructure in amuscle-in-
vasive bladder cancer (Li et al. 2012) and a colon cancer (Yu et al.
2014), which revealed two major subpopulations in each tumor
that diverged but shared a common genetic lineage. Another
group applied DNA SCS to delineate clonal diversity in glioblasto-
ma, which revealed convergent evolution of EGFR mutations and
rearrangements in different subclones from the same primary tu-
mors (Francis et al. 2014).

DNA-SCS has also been applied to study hematologicalmalig-
nancies. In AML, DNA-SCS was used to reconstruct the order of
mutations in three patients diagnosed with MDS-derived second-
ary AML to reconstruct mutational chronology (Hughes et al.
2014). In another study, an innovative approach was developed
to study childhood acute lymphoblastic leukemia (ALL), in which
the authors first performed deep-exome sequencing to identify
mutations in the bulk DNA and then designed custom PCR prim-
ers for multiplexed targeted sequencing of 1479 single cells from
six patients (Gawad et al. 2014). These studies identified early
ETV6-RUNX1 translocations followed by multiclonal evolution
in childhood AML patients.

Collectively, these initial studies provide strong evidence for
clonal evolution (Campbell and Polyak 2007; Navin and Hicks
2010; Greaves and Maley 2012) in many primary tumors and he-
matological malignancies. These data challenge the strict cancer
stem cell model (Clarke and Becker 2006; Shipitsin and Polyak
2008; Tomasson 2009) by showing that themajority of tumor cells
have continued lineages and are capable of continued prolifera-
tion and clonal expansion. Furthermore, the phylogenetic trees
from these studies show strong evidence of a common set of foun-
der mutations in every cancer patient, suggesting that most solid
tumors evolve from a single somatic cell in the normal tissue.

Figure 1. Timeline of single-cell sequencing milestones in cancer research. This timeline depicts the major discoveries that have occurred in the cancer
field of single-cell sequencing and related technology developments.
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These data argue strongly against mutagenic field effects and mul-
ticell origins, which would have resulted in independent genetic
lineages that do not share any common founder mutations.

Circulating tumor cells and metastatic dissemination

Several models of metastasis have been proposed (late dissemina-
tion, early seeding, and self-seeding) but remain difficult to resolve
in most human cancers. The challenges lie both in the technical
hurdle of resolving intratumor heterogeneity and in the difficulty
inmeasuring genomic information in the key intermediates: circu-
lating tumor cells (CTCs). The problem is that CTCs are extremely
rare in the blood (1 in 106), and generally only 1–50 cells can be
isolated from a typical 7.5-mL blood draw, providing limited input
material for genomic studies.

Initial CTC studies focused mainly on measuring DNAmuta-
tions in CTCs and comparing them to matched primary and met-
astatic tumors. In one study, DNA-SCS was used to analyze CTCs
from six patients with metastatic colon cancer, which showed
that a large proportion of the point mutations in the primary tu-
mor could be detected in the CTCs by targeted gene sequencing
(Heitzer et al. 2013). In another study, MALBAC was used to per-

form exome sequencing and copy num-
ber profiling of single CTCs from seven
metastatic lung adenocarcinoma cancer
patients, which showed that a substan-
tial number of point mutations (59%)
in the primary and metastatic tumors
were detected in the CTCs (Ni et al.
2013). This study also showed that al-
though the copy number profiles of sin-
gle CTCs were highly stable in the
blood and similar to the primary and
metastatic tumors, point mutations dis-
played extensive variability. Another
study in metastatic melanoma patients
applied SNS to profile copy number in
single CTCs, which also reported highly
similar copy number profiles (Ruiz et al.
2015). Morphometric imaging was also
combined with SNS to investigate copy
number evolution in metastatic prostate
cancer in response to abiraterone thera-
py (Dago et al. 2014), which identified
convergent evolution of the androgen
receptor (AR) amplification in different
single tumor cells. Another group ap-
plied single-cell exome sequencing to
profile CTCs and matched exome se-
quencing of primary andmetastatic pros-
tate tumors from the same patients (Lohr
et al. 2014). This study revealed a direct
genetic lineage of the CTCs to a minor
clonal subpopulation in a distinct spatial
region of the primary prostate tumor and
showed that 51% of the mutations in
the primary andmetastatic tumors could
be detected in the CTC populations.

RNA-SCS has also been applied to
study the transcriptional programs of
CTCs. In melanoma patients, RNA-SCS
identified three distinct gene signatures

in CTCs associated with metastasis (Ramsköld et al. 2012). In an-
other study, RNA-SCS was used to study the dissemination of sin-
gle CTCs and CTC clusters inmetastatic breast cancer patients and
mouse models (Aceto et al. 2014). These data identified plakoglo-
bin as a key regulator of CTC clusters and showed that CTC clusters
have increased metastatic potential relative to individual CTCs. In
another study, RNA-SCSwas applied to studymetastasis in pancre-
atic cancer and reported that CTCs express their own extracellular
matrix proteins in the blood (Ting et al. 2014). Collectively, these
studies have greatly improved our fundamental understanding of
CTCs, their transcriptional programs and their genetic relation-
ship to the primary and metastatic tumors.

Delineating complex chromosome rearrangements in single cells

During tumor evolution, chromosomes acquire complex numeri-
cal and structural rearrangements leading to gene dosage effects
in oncogenes and tumor suppressors. Although aneuploid rear-
rangements are a hallmark of many human cancers (Hanahan
and Weinberg 2011), most genomic studies represent endpoint
analyses; and thus, there is little known about the dynamics and
mechanics (how and when) of chromosome evolution during

Figure 2. Applications of single-cell sequencing in cancer research. This figure displays the myriad of
applications that single-cell sequencing methods have in cancer research: (A) resolving intratumor het-
erogeneity; (B) investigating clonal evolution in primary tumors; (C) studying invasion in early stage can-
cers; (D) tracing metastatic dissemination; (E) genomic profiling of circulating tumor cells; (F)
investigating mutation rates and mutator phenotypes; (G) understanding resistance evolution to thera-
py; (H) understanding cancer stem cells and cell hierarchies; and (I) studying cell plasticity and epithelial-
to-mesenchymal transition.

Single-cell cancer genomics

Genome Research 1501
www.genome.org



tumor progression. DNA-SCS provides a novel approach to mea-
sure copy number aberrations (CNAs) during tumor progression
by comparing multiple single cells that represent different time
points in evolution. Two studies in breast cancer investigated the
evolutionary dynamics of CNAs in single cells using SNS (Navin
et al. 2011; Wang et al. 2014). In both studies, the data show
that complex aneuploid copy number changes were acquired early
in tumor evolution, in punctuated bursts, followed by stable clonal
expansions to form the tumor mass. This punctuated model of
copy number evolution challenges the paradigm that CNAs are
acquired gradually and sequentially over time (Fearon and
Vogelstein 1990; Höglund et al. 2002), leading to successively
more malignant stages of cancer. However, more work will be
needed to determine if punctuated copy number evolution is com-
mon in many solid cancer types, or alternatively a phenomenon
that is restricted to breast cancer patients. Other studies have iden-
tified another punctuated model of chromosome evolution called
“chromothripsis” that refers to complex oscillating copy number
aberrations that are restricted to single chromosomes or chromo-

some arms (Stephens et al. 2011). Until recently, the evidence
for a punctuated model of chromothripsis has been indirect; how-
ever, a recent study combined live cell imaging of single cancer
cells in vitro with DNA-SCS to show direct evidence of chromo-
thripsis via micronuclei formation (Zhang et al. 2015b). Future
work along these lines can provide insight into howother complex
aneuploid rearrangements are acquired over time, including “fire-
storms,” “sawtooth” patterns (Hicks et al. 2006), and “chromo-
plexy” (Baca et al. 2013).

Evolution of therapy resistance

Althoughmany cancers show initial response to chemotherapy or
targeted agents, most tumors eventually evolve resistance, often
resulting inno further treatment options. The process bywhich tu-
mors evolve chemoresistance remains poorly understood in most
human cancers. Key questions remain on whether resistant clones
are rare subpopulations that are preexisting in the tumormass and
selected after therapy (adaptive resistance), or alternatively,

Table 1. Table of single-cell sequencing publications in cancer research

Research
focus Cancer type Method Reference PMID Short description

Primary tumor Breast DNA-SCS Navin et al. (2011) 21399628 Punctuated copy number evolution and clonal substructure
of breast tumors

Primary tumor Bladder DNA-SCS Li et al. (2012) 23587365 Single-cell exome sequencing of muscle invasive bladder
cancer

Primary tumor Kidney DNA-SCS Xu et al. (2012) 22385958 Single-cell exome sequencing of kidney tumor to study
diversity

Primary tumor Myeloproliferative DNA-SCS Hou et al. (2012) 22385957 Single-cell exome sequencing of JAK1 negative
myeloproliferative neoplasm

Primary tumor AML DNA-SCS Jan et al. (2012) 22932223 Clonal evolution in preleukemic stem cells
Primary tumor Glioblastoma RNA-SCS Patel et al. (2014) 24925914 EMT and cell plasticity in glioblastoma
Primary tumor Leukemia DNA-SCS Potter et al. (2014) 24056532 Evolution and phylogeny of single cells in leukemia
Primary tumor Breast DNA-SCS Wang et al. (2014) 25079324 Mutator phenotypes and punctuated copy number evolution

in breast cancer
Primary tumor Colon DNA-SCS Yu et al. (2014) 24699064 Single-cell exome sequencing of colon cancer to study

diversity
Primary tumor AML DNA-SCS Hughes et al. (2014) 25010716 Targeted sequencing of acute myeloid leukemia to study

clonal evolution
Primary tumor Glioblastoma DNA-SCS Francis et al. (2014) 24893890 Single nucleus sequencing to study EGFR evolution in

glioblastoma
Primary tumor ALL DNA-SCS Gawad et al. (2014) 25425670 Targeted single-cell sequencing to study clonal substructure

in ALL
Primary tumor Breast DNA-SCS Baslan et al. (2015) 25858951 Multiplexed single-cell copy number profiling to study clonal

diversity in breast tumors
Xenografts Breast xenografts DNA-SCS Eirew et al. (2014) 25470049 Clonal dynamics and evolution in xenografts
Cell lines Colon DNA-SCS Zong et al. (2012) 23258894 Mutation rates in a colon cancer cell line using MALBAC
CTCs Melanoma RNA-SCS Ramsköld et al. (2012) 22820318 Smart-seq method to profile full length single-cell mRNA

transcripts
CTCs Breast RNA-SCS Powell et al. (2012) 22586443 Single-cell RNA sequencing of CTCs and breast cancer cell

lines
CTCs Colon DNA-SCS Heitzer et al. (2013) 23471846 Targeted single-cell sequencing of colon cancer CTCs
CTCs Lung DNA-SCS Ni et al. (2013) 24324171 MALBAC single-cell exome sequencing of CTCs in lung

cancer
CTCs Prostate DNA-SCS Lohr et al. (2014) 24752078 Tracing genomic lineage of CTCs and metastases in prostate

cancer
CTCs Pancreatic RNA-SCS Ting et al. (2014) 25242334 Transcriptional profiling of single CTCs in pancreatic cancer
CTCs Breast RNA-SCS Aceto et al. (2014) 25171411 Single-cell transcriptome profiling of CTCs and CTC clusters

in breast cancer
CTCs/therapy Prostate DNA-SCS Dago et al. (2014) 25084170 Copy number profiling of single CTCs during therapy in

prostate cancer
Therapy Cell lines RNA-SCS Suzuki et al. (2015) 25887790 Transcriptome analysis of single lung cancer cell lines after

therapy
Chromothripsis Cell lines DNA-SCS Zhang et al. (2015b) 26017310 SCS and live cell imaging to study chromothripsis formation

via micronuclei

This table lists publications on single-cell sequencing in cancer research, which are organized by research area.
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whether the therapeutic agents induce the generation of new mu-
tations that confer a resistant phenotype (acquired resistance).
Another question is whether intratumor heterogeneity itself plays
an important role in resistance evolution (Navin 2014b). Likewise,
the role of epithelial-to-mesenchymal transition (EMT) and cell
plasticity in conferring a resistance phenotype is just beginning
to be understood, as recent studies show evidence that tumor cells
may switch to a mesenchymal phenotype in response to chemo-
therapy (Almendro et al. 2014). SCS methods hold great potential
for improving our understanding of resistance evolution in re-
sponse to therapy.

One of the first SCS-DNA studies to investigate genome evolu-
tion inresponse totherapyappliedSNStostudycopynumberdiver-
sity in CTCs over four time points frommetastatic prostate cancer
patients treated with chemotherapy and Aberaterone (Dago et al.
2014). These data identified the emergence and selection of a pre-
existing minor subclonal population that was present in the first
blood sample and showed androgen receptor amplification, sup-
porting the adaptive model of therapy resistance evolution. In an-
other study, RNA-SCS was used to study the transcriptomes of 336
single cells in lung adenocarcinoma cell lines in response tomulti-
tyrosine kinase inhibitors, which identified several signaling path-
ways associated with resistance (Suzuki et al. 2015).

Plasticity and cancer stem cells

Cancer stem cells (CSC) are hypothesized to be rare (<1%) stem
cell-like progenitor cells that have unlimited replicative potential
and give rise to the major tumor cell populations (Shipitsin and
Polyak 2008). CSCs are posited to be resistant to therapeutic agents
and may reconstitute the tumor mass after therapy (Polyak and
Weinberg 2009). Although the evidence for CSCs in blood cancers
is overwhelming (due to the hierarchical nature of blood cell line-
ages), the evidence for CSC in most solid tumors remains contro-
versial (Polyak 2007; Adams and Strasser 2008; Tomasson 2009).
The problem is that CSCs are very rare (<1%) subpopulations in
most tumors and therefore difficult to study with genomic meth-
ods. To date, there are no SCS studies that have directly compared
CSC to differentiated populations in the same tumors. However, a
recent study performed unbiased RNA-SCS to profile the transcrip-
tomes in hundreds of single tumor cells from five glioblastoma
patients (Patel et al. 2014). Unexpectedly, this data showed that in-
dividual cancer cells displayed a large range of intermediate phe-
notypes that do not fall into distinct classes of epithelial or
mesenchymal subpopulations as proposed by the classical EMT
models (Kalluri and Weinberg 2009). Furthermore, although four
distinct gene expression classes were previously reported in glio-
blastoma (Verhaak et al. 2010), these studies showed that single
cells in the same glioblastoma tumor can exhibit multiple expres-
sion subtypes.

Mutator phenotypes

The “mutator phenotype” posits that human cancers are driven by
increasedmutation rates—an elevated number ofmutations per cell
division, relative to normal cells (Loeb et al. 1974; Bielas and Loeb
2005; Loeb 2011). However, measuring mutation rates in human
tumors is challenging due to the fact that it is difficult to know
the precise number of cell divisions that occurred during tumor
growth. Although large-scale sequencing studies (Alexandrov
et al. 2013; Kandoth et al. 2013) often report increasedmutation fre-
quencies (total number of mutations), it remains unclear whether
these mutations accumulated at a low mutation rate over many

cell divisions or, alternatively, at a very high mutation rate in a
few cell divisions. Previous studies using bulk sequencingmethods
have estimated that themutation rate acrossmany human cancers
is on average 210-fold higher than normal cells (Bielas and Loeb
2005; Bielas et al. 2006). However, SCS methods can potentially
provide more accurate measures of mutation rates by comparing
mutation frequencies between single tumor cells. In one study,
MALBAC was applied to investigate the mutation rate of a human
colon cancer cell line (Zong et al. 2012), which reported a muta-
tion rate of 2.5 nucleotide errors per cell division, which is only
marginally higher than the normal error rate of cell division. In an-
other study, nuc-seq was applied to investigate mutation rates in
human breast tumors (Wang et al. 2014), which estimated themu-
tation rate in triple-negative breast cancer to be 13.3× (eight muta-
tions per cell division), whereas an ER+ tumor showed mutation
rate that was similar to normal cells. The mutation rates estimated
from SCS data are substantially lower than previous estimates re-
ported in bulk tissue samples (Bielas and Loeb 2005; Bielas et al.
2006) but do show evidence for a modest increase in the mutation
rate in human tumors. However, these initial studies were limited
to only a fewpatients, and futureworkwill be needed inwhich SCS
is applied to a larger number of patients to understand the range of
mutation rates across many human cancers.

SCS in animal models

Animal models for cancer research, including genetically engi-
neered mice (GEM) and xenografts, provide an unlimited source
of genetic material and allow serial collection of samples over
time, which are difficult to obtain from human patients. Xeno-
grafts are ideal systems for studying intratumor heterogeneity
because they preserve the clonal diversity that was present in the
original patient’s tumors. In a recent study, DNA-SCS was per-
formed in mouse xenografts from triple-negative breast cancer
(TNBC) patients to study clonal dynamics and selection during
the first few passages of the tumors to other recipient mice
(Eirew et al. 2014). In these studies, targeted DNA-SCS was used
to resolve the clonal architecture of the tumor after each successive
passage, which showed strong selection of tumor clones and mu-
tations in the first few passages in response to the newmouse stro-
mal environment. In another study, RNA-SCSwas applied to study
CTCs andmetastasis inmouse xenografts established frompancre-
atic cancer patients (Ting et al. 2014) and breast cancer patients
(Aceto et al. 2014). Although CTCs are difficult to isolate from hu-
man blood, mouse xenografts have the advantage of providing a
much larger number of CTCs and are easy to isolate using fluores-
cent markers. In summary, combining SCS methods with GEMs
and xenografts provides a powerful experimental system for study-
ing clonal dynamics, metastasis, and potentially also therapeutic
response.

Translational applications of SCS in the clinic

Single-cell DNA and RNA sequencing methods have a myriad of
translational applications, including diagnostics, prognostics, tar-
geted therapy, early detection, and noninvasive monitoring. In
diagnostics, intratumor heterogeneity presents a formidable chal-
lenge for clinical sampling, because single samples may not accu-
rately represent the tumor as a whole. SCS methods can resolve
intratumor heterogeneity and provide accurate measures of geno-
mic diversity, which can be used to calculate a “diversity index.”
These indexes are likely to have prognostic utility in predicting
which cancer patients will be more likely to show poor response
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to therapy, higher probability of metastasis, or have poor overall
survival (Burrell et al. 2013; Murugaesu et al. 2013; Almendro
et al. 2014).

Another important clinical application of SCS methods is to
guide targeted therapy. By sequencing and comparing multiple
single cells, it is possible to construct a phylogenetic tree and heat-
map that reveals the clonal substructure of a tumor. These genetic
trees will allow oncologists to identify founder mutations in the
“trunk” of the tree, which are ideal therapeutic targets, since
they occurred early in tumor evolution and were inherited by all
cells in the tumor. Alternatively, these trees can be used to devise
combination therapies to target multiple tumor subpopulations
independently.

Early detection is another clinical application of SCS, which
can provide genomic information on rare tumor cells. In samples
collected from bodily fluids (blood, urine, feces, and phlegm), it
may be possible to isolate single cancer cells at the earliest stages
of cancer progression. If driver mutations can be identified in
multiple single cancer cells, then they may represent a clonal ex-
pansion, which could be followed by imaging techniques and
surgical resection of microlesions. Another important clinical
application of SCS is for obtaining genomic data sets from scarce
clinical samples, which often contain only hundreds of tumor
cells and are frequently unable to undergo genetic tests due to
Quantity Not Sufficient (QNS).

Perhaps the most immediate application of SCS in the clinic
will be in noninvasive monitoring. By isolating and sequencing
single CTCs in the blood, it may be possible to measure somatic
mutations that are present at the primary or metastatic tumor sites
without the inherent risks that are associated with performing an
invasive core biopsy directly at the organ site. Additionally, this
noninvasive approach can allow the oncologist to collect serial
samples over time during the course of therapy to monitor re-
sponse and the emergence of resistant clones. Indeed, several ini-
tial studies have been encouraging by showing that >50% of the
mutations in the primary and metastatic tumors can be detected
in CTCs from lung cancer (Ni et al. 2013), prostate cancer (Lohr
et al. 2014), and colon cancer patients (Heitzer et al. 2013). In sum-
mary, SCS technologies are ready tomake big strides into the clinic
over the next five years.

Alternative methods to SCS

SCS is not always the best experimental approach to address every
question in cancer biology. A notable limitation of SCS is that only
a small number of cells can be sampled and analyzed at a reason-
able cost (see Box 1: “How many single cells to sequence?”). This
may lead to sampling bias and makes it difficult to detect rare cells
in a populationwithout first isolating and enriching the cells of in-
terest. In many studies, the sampling of even 10 or 100 cells can
greatly reduce technical errors and sampling bias when single-
cell information is not needed. Alternatively, methods such as
multiregion sequencing (Gerlinger et al. 2012; Zhang et al. 2014)
and ultra-deep sequencing methods (Nik-Zainal et al. 2012; Shah
et al. 2012) can also provide information on intratumor heteroge-
neity and clonal evolution.

Multiregion sequencing is a straightforward approach that
can be used to sample multiple spatial regions within a tumor to
resolve intratumor heterogeneity. However, an important limita-
tion is that it requires that clones are spatially segregated in the
tumor mass and thus cannot resolve intermixed subpopulations.
Deep sequencing is another alternative approach, in which tumor

genomes are sequenced at very high coverage depths, and muta-
tion frequencies are clustered to identify subpopulations. Al-
though straightforward, these methods are often confounded by
copy number aberrations, which if not normalized accurately
can lead to the overestimation of false subpopulations. In short,
these approaches aremore cost efficient and canmitigate sampling
bias, but cannot resolve the combination of mutations in any giv-
en tumor cell.

Another alternative approach involves subcloning single cells
to establish isogenic cell lines or organoid cultures. Isogenic cell
lines or organoids can serve as proxies for single cells (Sachs and
Clevers 2014; Boj et al. 2015) and provide an unlimited source of
genetic material. Furthermore, they allow functional studies to
be performed and cell phenotypes to be measured, enabling con-
nections to be drawn between genotypes and phenotypes. Howev-
er, a notable limitation is that to establish isogenic cell lines, live
cells are required, and many cells are unable to expand in culture,
whichmay superficially select for cells that are good at surviving in
culture.

Furthermore, the 2D or 3D microenvironment of cultures
may not accurately reflect the tumor microenvironment, which
can alter the transcriptional programs. Therefore, it is important
to orthogonally validate findings that are derived from these
systems in the original tumor samples to establish physiological
relevance.

Future applications in cancer research

Over the past five years, most SCS studies have focused mainly on
delineating clonal evolution and diversity in primary tumors
(Navin et al. 2011; Hou et al. 2012; Li et al. 2012; Xu et al. 2012;
Francis et al. 2014; Wang et al. 2014; Yu et al. 2014). However,
the field has begun to shift toward studies on CTCs and under-
standing their role in metastatic dissemination (Heitzer et al.
2013; Ni et al. 2013; Lohr et al. 2014). These experiments are likely
to provide new insight into the general models ofmetastasis in dif-
ferent human cancers. A few studies have also begun to investigate
clonal evolution in the context of therapy (Dago et al. 2014; Suzuki
et al. 2015), which will undoubtedly become a major area of SCS
cancer research in the coming years. These studies will begin to ad-
dress fundamental questions regarding adaptive versus acquired
resistance when tumors are challenged by different therapeutic
agents. SCS methods will also have important future applications
for understanding genome evolution in early stage cancers, such
as ductal carcinoma in situ (DCIS) and prostatic intraepithelial
neoplasia (PIN), to identify the rare clones that escape their ducts
and invade the surrounding tissues. Future SCS studies are also
expected to provide insight into our understanding of cell plastic-
ity and CSCs, by revealing their genetic and transcriptomic rela-
tionship to the differentiated tumor cell populations (Stingl and
Caldas 2007; Shipitsin and Polyak 2008; Tomasson 2009). SCS
methods will also have important applications for understanding
intratumor heterogeneity in the context of immunotherapy to
understand if tumors with increased genomic diversity will also
be more immunogenic and therefore more susceptible to the
new arsenal of immunotherapy agents and checkpoint inhibitors
(Pardoll 2012).

Technical challenges and emerging technologies

Although much progress has been made, a number of technical
challenges still lie aheadbefore SCSmethods canbewidelyadopted
by the cancer research and clinical communities. Achieving high
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physical coverage (>90%) in a single cell has largely been achieved
(Hou et al. 2012; Zong et al. 2012; Wang et al. 2014), but current
methods need to improve coverage uniformity and mitigate the
technical error rates. Cost and throughput of SCS experiments are
alsomajor barriers in the field. To address these issues, several stud-
ies have begun to develop multiplexing strategies for SCS experi-
ments. A recent method, called C-DOP-P, uses 96 barcodes to
improve multiplexing of SNS and increase the throughput for sin-
gle-cell copy number profiling (Baslan et al. 2015). Commercial
microfluidic approaches such as the Fluidigm C1 system have
alsobeendeveloped for analyzing96 single-cell RNAprofiles inpar-
allel usingnanoliter reactionvolumes.Another innovativemethod
uses tens of thousands of microwells and beads with cell-specific
barcodes that can potentially perform single-cell RNA sequencing
on 10,000 ormore cells (Fan et al. 2015). Perhaps themost promis-
ingnewmethod formultiplexing isDrop-seq,whichusesnanoliter
droplets and barcoded beads to capture single cells and perform
WTA, enabling RNA-SCS on 10,000–100,000 cells in a single run
(Macosko et al. 2015). Similar approacheswill need to be developed
for single-cell DNA sequencing; however, this will be more of a
challenge due to the absence of a polyA tail for hybridization to ol-
igonucleotides on beads with cell identifiers.With these new tech-
nologies and the falling cost of next-generation sequencing
methods, I expect that sequencing thousands of single cells in par-
allelwill become routine in thenear future. Thiswill necessitate the
development of new computational tools for analyzing large-scale
SCS data sets, which are currently severely lacking. The problem is
that single-cell DNA and RNA sequencing data sets have unique
characteristics and technical errors that violate the assumptions
of standard variant detection and expression analysis algorithms
that were designed for bulk NGS data (Stegle et al. 2015; Wang
and Navin 2015).

In the future, it will be important to begin connecting geno-
typic information with phenotypic information in single cells.
This can be accomplished by connecting live-cell imaging tech-
niques (Sabouri-Ghomi et al. 2008) or intravital imaging in mice
(Alexander et al. 2013) with SCS methods to measure phenotypic
properties in single cancer cells prior to isolationandgenomicanal-

ysis. Another important direction involves connecting in situ spa-
tial information of single cancer cells in tissue sections to their
genomic and transcriptomic profiles (Crosetto et al. 2015). This
can be accomplished by isolating single cells from tissue sections
using LCM, or alternatively by sequencing single cells directly in
tissue sections using novel single-cell RNA sequencing methods
(Lee et al. 2014; Lovatt et al. 2014). Another important area of tech-
nology development is to developmethods that canmeasure mul-
tiple layers of molecular information from the same single cells
(e.g., DNA and RNA). Two recent studies demonstrated this techni-
cal feat by measuring both DNA copy number information and
RNA expression from the same single cells (Dey et al. 2015;
Macaulay et al. 2015), but further work will be needed to measure
DNA mutations at base-pair resolution in parallel with RNA tran-
scripts. Furthermore, the development of single-cell epigenomic
methods has lagged far behind, but it is urgently needed for under-
standing cell plasticity and epigenomic reprogramming in tumors.

Another technical challenge that needs to be addressed is
sample preparation for single-cell sequencing experiments.
Generally, tumors are embedded in FFPE or flash frozen directly af-
ter surgery or biopsies are taken. This presents a technical chal-
lenge for analysis, since most single-cell sequencing methods
require suspensions of cells for isolation, which must be prepared
directly from fresh tissue samples. Unfortunately few, if any, sam-
ples have been prepared this way and stored in freezing media. To
circumvent this problem, several studies have shown that nuclear
suspensions can be prepared from archival frozen tissue samples
(Navin et al. 2011; Baslan et al. 2012) and used for DNA-SCS exper-
iments. This is possible because the cytoplasmic membrane be-
comes ruptured during freezing, but the nuclear membrane
remains intact through many freeze–thaw cycles. Sample prepara-
tion is particularly critical for single-cell RNA sequencing experi-
ments, in which transcriptional programs can be skewed if the
cells are not isolated and lysed quickly after the tissue is dissociated
(Islam et al. 2014). In summary, new sample collection protocols
will need to be put into place in hospitals in order to prepare sin-
gle-cell suspensions directly after fresh tissue is collected by
surgery.

Box 1: How many single cells to sequence?

Most SCS studies to date have analyzed an arbitrary number of cells,
ranging from about 50–100 cells from each patient, a number that
is mainly dictated by cost. The difficulty in estimating sample sizes
(N) for SCS experiments is that these calculations rely on several
important factors that are often difficult to measure, including (1) the
diversity of the underlying population; (2) the sensitivity required
for detecting rare clones (e.g., 1%); and (3) the technical variability
of the SCS method. The statistical methods for estimating sample
numbers from SCS experiments can be broadly classified into two
categories: (1) retrospective estimations; and (2) prospective
estimations. Retrospective methods involve back-calculations, in which
an arbitrary number of single cells are sequenced (DNA or RNA) in a
series of tumors, and a cumulative number of new mutations or
transcripts are plotted as a function of the cumulative number of single
cells, resulting in a saturation curve. This calculation is analogous to
rarefaction calculations in ecology, which are derived from species
capture–recapture experiments. In these plots, the cumulative number
of species versus the cumulative number of samples are plotted in
random order to determine the point at which the number of species
detected reaches a plateau in the curve (Gotelli and Colwell 2001).
Statistical methods for prospective calculations are more challenging to
estimate; however, they do not require empirical data sets. A simple
power calculation can be formalized as

P(d) = 1− (1− s)n,

where s is equivalent to the subclonal frequency, and n is equal
to the number of single cells that need to be sequenced. Based on
this equation, the detection of a 10% subclone would require
sequencing at least n = 25 single cells to achieve a 0.9 detection
power, whereas a 1.0 detection power would require n = 50 single
cells. Similarly, n = 250 single cells are require to detect a 1%
subclone with 0.9 detection power, and n = 500 single cells are
required for 1.0 power. However, this calculation does not
incorporate the number of replicate cells needed to mitigate false
positive (FP) and false negative (FN) error rates and eliminate random
errors, which may range from r = 2–5 replicate cells depending on
the SCS technology (N ∗ r). More sophisticated sample number
estimations can be calculated using probabilistic methods from
population genetics that were originally developed for discovering rare
disease variants based on expected minor allele frequencies (MAFs) in
the human population (Wendl and Wilson 2009). In summary, a
number of statistical methods from ecology and population genetics
are useful for estimating the sample sizes required for SCS experiments
and should be considered before starting any single-cell sequencing
study.

Single-cell cancer genomics
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Conclusions and future directions

In the first five years since its inception, SCS has already revolu-
tionized our understanding of cancer evolution and diversity.
Although initial studies focused mainly on technology develop-
ment and intratumor heterogeneity in primary tumors, the field
has now shifted toward understanding more complex biological
processes in cancer, including invasion, metastasis, and the evolu-
tion of therapy resistance. These tools have also begun to provide
new insight into the role of rare cells in tumor progression, partic-
ularly in the context of metastatic dissemination. Future studies
will begin to unravel the spatial organization of tumor clones in
tissues and will connect phenotypic behaviors of cancer cells
with their genotypes. This will require combining SCS with multi-
ple experimental systems, including xenografts, GEMs, cell cul-
tures, and organoid systems. As DNA- and RNA-SCS methods
continue to mature, their translation into the clinic is inevitable
and will have a major impact on patient lives.
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