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ABSTRACT
Cancer forms highly heterogeneous tissues at several molecular levels, genomic,
proteomic, transcriptomic and other epigenetic traits. The level of complexity is further
augmented by the dynamic nature of tumor progression with cancer cell populations
evolving in a clonal manner. The clonal evolution of tumors is shaped by selective
pressure exerted by endogenous factors such as intra tumor dynamics between different
clones and exogenous factors such as microenvironment and therapeutics. The
technical advances in next generation sequencing has accelerated and facilitated a
massive acquisition of genomic and transcriptional data from different cancers during
the last decade. Despite the increased knowledge in the transcriptional and genomic
landscape of tumors, many questions have still not been fully addressed and one of the
explanations lies in the heterogenetic nature of cancer tissues that has to be desiccated
into its fundamental parts - the single cancer cells. In this thesis the heterogenetic nature
of normal- and cancer tissues and the implications to single-cell based methods are
discussed. In order to study the transcriptome of single-cells delicate molecular tools
needs to be developed. In the two first papers we describe a single-cell RNA
sequencing method that is highly sensitive and can produce full gene expression
profiles of hundreds of single-cells per sequencing experiment.
Several models have been proposed for tumor evolution and one fundamental question
is the hierarchical organization of tumor propagating cells. In paper III we studied the
tumor progression in myelodysplastic syndromes (MDS), a clonal hematological
disorder in which multiple haematological lineages are affected. We found that the
putative MDS-stem cell (SC) population is functionally and molecularly distinct from
its downstream progenitors and that in MDS, self-renewal and that acquisition of
somatic mutations was restricted to the MDS-stem cell population. By targeted
sequencing of purified populations and single-cell derived stem cell clones we could
track all somatic mutations found in the bone marrow of MDS patients to the distinct
MDS-stem cells providing definitive evidence for the existence of rare human MDSSCs in vivo.
Another aspect of heterogeneity in solid tumors is the genetic heterogeneity between
primary tumor and the metastatic lesions. In paper IV we addressed the heterogeneity
in metastatic breast cancer by comparing the genetic profiles of ten pairs of primary
tumor to their metastatic lesion obtained from exome sequencing. We found a marked
heterogeneity in number of somatic mutations as well as the extent of chromosomal
aberrations in the metastatic lesions. We also found a number of mutated genes to be
significantly enriched in the metastases. The clinical implications to metastatic
heterogeneity is supported by altered receptor status and drug resistance in metastatic
lesions and suggest that extended characterization of the metastases is of great
importance.
In summary, heterogeneity is the main characteristic of both normal and cancer tissues.
To resolve the mixed patterns of gene regulation and genomic aberrations, single-cell
based approaches needs to be applied and will be a powerful tool to shed light on
questions in tumor biology such as transcription dynamics and genetic selection.
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1 INTRODUCTION
The six hallmarks of cancer include mechanisms for avoiding apoptosis, self sustained
proliferative signaling, activating tissue invasion and metastasis, limitless self renewal,
angiogenesis and insensitivity to anti-growth signals. Four additional hallmarks have
been added (Hanahan & Weinberg 2011), out of which the implications of genomic
instability and mutations will be discussed further in this work. As metastatic disease or
relapse are the main cause of death in solid and liquid tumors, the origin and timing of
metastatic dissemination is of fundamental importance but have not yet been fully
explored. Heterogeneity has emerged as the main characteristics in tumors, involving
many aspects; cell populations, gene expression, proteomics, growth kinetics, intratumor and inter-tumor, inter-patient and intra-patient. Single-cell methods can reliably
resolve the biology of complex tissues and will most likely play an important role
adding information to all aspects of cancer.

1.1

CANCER EVOLUTION

The source of all cancers is the one cancer initiating cell that have undergone genomic
changes that breed the natural selection of acquired traits in the neoplastic population.
In the context of the microenvironment specific to each organ system these genomic
aberrations will be put under selective pressure that enrich for cancer-promoting traits
such as enhanced proliferative capacity, angiogenesis, cell migration, invasion and
survival. Accumulated malignant traits will thus favour evolution of the cancer in a
clonal manner. This Darwinian selection can be further augmented by introducing
additional selective pressure in the form of drugs or radiation, after which massive cell
death occur leaving resources to those few malignant cells that have the capacity to
escape treatment (Greaves & Maley 2012). Furthermore, the cytotoxic nature of cancer
treatments can introduce additional genetic changes in the surviving cells inferring even
more malignant potential.

1.1.1 Tissue context
Cancer suppressive mechanisms most often can terminate the growth of malignant
cells. This is demonstrated by the high frequency of premalignant conditions. As cells
within the same compartment compete for nutrients and space, this puts constraints on
the tumor growth exercised by the microenvironment (Greaves & Maley 2012).
Interestingly this is demonstrated by the tumor doubling size time of 60-200 days
versus the cancer cell doubling time 1-2 days (Klein 2009). Although the
microenvironment might be initially tumor suppressing, there is much evidence of the
oncogenic role of growth factors, hormones and cytokines (Pietras & Ostman 2010).
One interesting example is transforming growth factor (TGF)β that exerts a dual role in
oncogenesis initially as growth inhibitor but upon initial genetic lesions change into
tumor-promoting by mechanisms of altered Ras signaling (Derynck et al. 2001).
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Another novel finding analogous to this context dependence for tumor establishment
was described by Cleary et al 2014. In a mammary tumor mouse model based on Wnt1
signaling, they found a strict dependence of interclonal cooperation of two subclones
with different mutational status in the Hras gene for tumor progression (Cleary et al.
2014). However, it was unclear if these clones shared a common denominator or was
actually derived from different cell populations.

1.1.2 Cancer heterogeneity
The model of clonal evolution in cancer tumors was introduced already 1976 by
Nowell (Nowell	
  1974). However, the consequence of clonal evolution have been
well known since the introduction of the microscope in the 1800s, when pathologists
first could study the heterogeneity in tumors. Rudolph Virchow first conceived the
idea that each cell is descending from an unbroken series of cell divisions and that
cancer has a cellular origin. The following development of histopathological methods
and their role for studies of tumor intra-heterogeneity is reviewed in (Navin	
  &	
  Hicks	
  
2010). As heterogeneity in solid tumors is spatially organized, it reveals discrete
events during tumor evolution and can be used to infer the clonal hierarchy in the
tumor. This lineage tracing strategy has been applied in both solid and liquid tumors
exploiting the genetic changes that occur during cell divisions and accumulates in the
genomes producing a genetic barcode for each developmental lineage. The evolution
of a primary tumor mass is a function of clonal expansion that can be summarized in
different progression models (Navin	
  &	
  Hicks	
  2010). Monoclonal evolution assumes
an initial single clone that is subjected to strong selection that leaves one single
dominant clone outcompeting other cells and that produces a homogenous tumor
mass. Studies that support this model are often based on measuring a small number of
traits. However monoclonal intra-tumor patterns have been confirmed in breast
cancer tumor using array CGH (Navin	
  et	
  al.	
  2010). Many studies demonstrating
monoclonality measure only few traits, and might therefore underestimate the
heterogeneity. In contrast, after the initial selection event in polyclonal tumors several
viable clones are generated and expanded to make up a highly heterogenic tumor, that
confers a higher risk for invasiveness. This pattern has been demonstrated in several
studies measuring a combinations of traits, for example array CGH, genome- or
targeted sequencing, methylation sequencing and FISH (Park	
  et	
  al.	
  2010;	
  
Newburger	
  et	
  al.	
  2013;	
  Merlo	
  et	
  al.	
  2010;	
  Heselmeyer-‐Haddad	
  et	
  al.	
  2012). One
intriguing variation of the polyclonal model invokes to the mechanisms of selfseeding in which circulating tumor cells return to the primary site upon tumor specific
chemo-attraction to develop new clones (Kim	
  et	
  al.	
  2009). The model of a mutator
penotype assumes that early mutations, probably even already in hyperplasias, occur
in genes responsible for DNA repair and cell cycle checkpoints. This leads to severe
genomic and chromosomal instability that in combination with increase proliferation
fuels aberrations of cancer associated genes and result in a large variety of genomic
aberrations and a tumor with profound heterogeneity (Loeb	
  2001;	
  Lengauer	
  et	
  al.	
  
1998). Tumor evolution by cancer stem cells is based on the assumptions that cancer
stem cells are rare, have indefinite self-renewal capacity and thus stably generate the
majority of cells in the tumor outcompeting the less proliferative cells. The existence
of cancer stem cells was first experimentally supported in transplantation studies of
leukemic hematopoetic stem cells from AML into immune deficient mice, in which
only a subset of transplanted cells could regenerate and propagate the AML cell
population, the putative cancer stem cells (CSC). As the xenograft assay have failed
2

to prove self renewal capacity in many experiment, the existence of CSC have been
questioned, also because it has been suggested that more differentiated cells can adopt
the phenotypic and molecular characteristics of a stem cells (Clevers	
  2011). Despite
this, cancer-initiating cells with extensive self-renewal capacity are likely to be the
tumor-propagating population. Their identity as stem cells can however only be
elucidated by combining phenotypic and functional characteristics with their
hierarchical position in the clonal heterogeneity of the tumor (Greaves	
  2010).

Stochastic models

Dominant Subclone models
Monoclonal

Tumor self-seeding

Polyclonal

Mutator phenotype

Hierarchial model

Cancer stem cells

Tumor Evolution (time)

A

Stochastic Stem Cell
Model
- Self-renewal
aquired in progenitors

B, C

Hierarchial Stem Cell
Model
- Self-renewal
only in stem cells

Disseminated tumor cell
B, C

B, C

Models for metastatic progression
Parallell progression

Linear progression

Figure 1. Models of tumor progression and examples of early and late metastatic dissemination. A and B
exemplifies intratumoral and microenvironmental selection pressure; C exemplifies exogenous selection
pressure exerted by i.e. therapeutic agents. Different coloured cells: distinctive mutant genotypes.
Theoretical phylogenetic trees for each model are indicated below. Adapted from Navin et al. 2010,
Greaves 2010 and Woll et al. 2014.
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1.1.3 Metastatic heterogeneity
The intra-tumor heterogeneity of primary cancers is today considered the common
pattern of neoplasias, both in solid tumors and leukemias (Gatenby et al. 2009; Burrell
et al. 2013). As the tumor progresses eventually tumor cells will disseminate through
hematogenous or lymphogenous spread and establish a metastatic lesion in another
anatomical location. The heterogeneity of primary tumors has been extensively studied
(Greaves & Maley 2012; Sjöblom et al. 2006; Wood et al. 2007; Navin et al. 2010;
Cancer Genome Atlas Network 2012b; Cancer Genome Atlas Network 2012a;
Stephens et al. 2012; Shah et al. 2012).
Less studied is however the genetics in the metastatic neoplasm and its relation to the
primary tumor. For a long time metastatic spread was considered a late event following
upon several rounds of mutations and selection within the primary tumor (Klein 2009).
This model of linear tumor evolution implies that the metastatic lesion would resemble
the genomic profile of the primary tumor to a greater extent than if the first
disseminating event would occur early with parallel progression of the primary tumor
and metastasis. Indeed, the metastatic lesions have been shown in breast cancer studies
to often display discordant genetic profiles, both for somatic mutations (Shah et al.
2009; Ding et al. 2010) and cytogenetic aberrations (Derynck et al. 2001; Almendro
et al. 2014) (Cleary et al. 2014; André et al. 2014) (Marusyk et al. 2012; Torres et al.
2007). But also high concordance have been demonstrated in paired primary and
metastasis in colon cancer (Vakiani et al. 2012). Nevertheless, metastatic heterogeneity
is supported in multiple malignancies. Single cell analysis of disseminated tumor cells
(DTC) from bone marrow in esophageal cancer showed less chromosomal aberrations
than primary tumor cells and prevalence of ERBB2 amplification in the primary tumor
did not predict the presence of amplification in DTC. In addition, a high degree of
discordance between primary cancers and their metastasis have been recorded for
KRAS and EGFR mutations in colorectal- and lung-cancers. The genetic heterogeneity
between primary and metastatic tissues suggests that metastatic spread can occur early
during cancer evolution and that metastases can develop following an independent
growth pattern. Additional notions support this parallel progression model and were
reviewed in (Klein 2009). The growth kinetics of a primary cancer and its metastases
has been considered to vary extensively between patients but only up to a factor of two
between primary tumor and metastasis. Although tumor volume doubling time (TVDT)
is influenced by multiple factors such as nutrient supply, angiogenesis and apoptosis it
is assumed to have a constant exponential shape. A primary tumor can be assumed to
grow to 1cm in 12 years. If dissemination would require a late-stage clonal expansion,
it would take another 12 years to detect a metastatic lesion of 1cm, but as the median
time from resection of the primary tumor is 20 to 35 month dependent on stage, most
survival and relapse data supports the model of parallel progression (Klein 2009). For
multiple solid cancers, single-cell data from disseminated cells remaining after adjuvant
therapy in patients with minimal residual disease, demonstrated a marked heterogeneity
in M0 in these circulating tumor cells as compared to the much more homogeneous
profiles of established metastatic cells. This proposes that not all disseminated cells are
equally likely to found a metastatic lesion and that a selection of those that will, might
be driven during adjuvant treatment (Klein et al. 2002). The clinical implications in
breast cancer are direct as altered receptor status, most commonly a loss, is frequent in
the metastases and ranges from 14.5-40% for ER 40% for PgR and 0-37% for HER24

receptors during cancer progression (Lindstrom et al. 2012; Foukakis et al. 2012;
Niikura et al. 2012). Loss of ER and PgR expression was shown to be location specific
and more common in lung, bone and liver metastases. Furthermore, surgical excision
was associated with higher risk if liver metastases (Cummings et al. 2014).

1.1.4 Clonal evolution in hematological malignancies
Hematological malignancies are commonly considered as clonal expansions from rare
leukemic founder cells. In contrast to solid tumors, AML is considered to have less
genomic instability and a lower number recurrently mutated genes, of which around ten
are drivers (Welch et al. 2012; Ley et al. 2008), although the number expands as the
amount of resequencing data increases. The clonal architecture of relapsing AML was
studied by whole genome sequencing revealing different modes of clonality during
relapse. This included cases were multiple subpopulations were present at diagnosis of
which only one dominating clone accumulated new mutations and was expanded
during relapse, or cases were one of the subpopulations present at diagnosis expanded
during relapse but without additional mutations (Ding et al. 2012). Similarly, whole
genome sequencing of bone marrow derived cells from myelodysplastic syndrome
(MDS) patients that later progressed to secondary AML (sAML) revealed high degree
of clonality at MDS disease but as the disease progressed to sAML additional clones
emerged harboring both the earlier MDS mutations and additionally acquired mutations
(Walter et al. 2012). Although the established existence of multiple subclones in MDS
and sAML is indicative of clonal evolution in early hematopoesis, these studies are
limited by analysis of mixed cell populations. To establish the hierarchical relationship
in these tumors the origin of mutations have to be identified. The fundamental question
is therefore whether stable genetic lesions occur in cancer initiating stem cells only, or
also can be acquired by downstream progenitor populations that have gained selfrenewal capacity. This questions was addressed by Woll et. al. 2014 (in press) by
establishing the MDS stem cell population at the apex of MDS hematopoiesis as a
phenotypically, molecularly and functionally distinct population versus downstream
progenitor populations. As the MDS stem cells were functionally demonstrated to
uniquely harbor self-renewal capacity, any mutation found in bulk bone marrow or pure
progenitor populations should be acquired in the stem cell population and propagated
during hematopoiesis, which was demonstrated in this study. Similarly (Shlush et al.
2014) demonstrated the existence of pre-leukemic hematopoietic stem cells in AML by
functional, phenotypic and molecular characterization of HSC and downstream
progenitors. Mutations in DNMT3A was found at high frequencies in both HSC,
progenitors and mature cells, suggesting these mutations occur early in the preleukemic HSC cells. In contrast to MDS however, new mutations seem to accumulate
downstream of the HSC, indicating self-renewal capacity in AML downstream
progenitor populations. In agreement with this, Woll et. al. 2014 also demonstrated that
progression towards secondary AML might be preceded by acquisition of self-renewal
potential outside of the MDS-stem cell compartment following acquisition of a TP53
mutation.
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The heterogenetic nature of cancers has proved to challenge the task of identifying and
target universal oncogenic traits. Despite a massive increase in data acquisition from
genetic and gene expression studies, important questions about oncogenic
circumstances have not been resolved. The chronological order of genetic events, the
biological significance of polyclonality, the extent of gain and losses of mutations and
epigenetic changes in metastatic tumors versus primary cancers, are only a few
questions still unresolved. Multiple studies using a single-cell approach to better
resolve the biology of a heterogeneous malignant tissue have demonstrated the power
of detailed cell fate mapping for answering such questions.

1.2

CANCER HETEROGENEITY IN THE LIGHT OF SINGLE-CELL BASED
METHODS

Tumors are heterogeneous and commonly display polyclonal evolution. A common
question is therefore if these subclones exert a biological function, suggesting that other
oncogenic mechanisms than strict Darwinian evolution might play an important role in
tumor development. As numerous studies establish the existence of multiple clones, a
fundamental question that needs to be addressed is; are all clones derivatives from the
same cancer initiating cell and if so, in which order do genetic changes occur? This
question requires molecular dissection of the tumor genotype at singe-cell resolution, a
challenging task but nevertheless central for the understanding of mutational
mechanisms, tumor propagation and metastatic processes. Heterogeneity of cancers as
a consequence of clonal evolution is a core concept for understanding the biology of the
metastatic process, drug resistance and growth kinetics. As solid and liquid neoplasms
are characterized by a mixture of malignant subclones and normal stromal cells,
information about the intra tumor dynamics can only be properly addressed by methods
recording traits from the single cells constituting the malignant tissue.
1.2.1 Cancer transcriptomics in single cells
The genetic diversity of tumor cells can translate into phenotypic diversity at the level
of non-genetic traits such as gene expression (Burrell et al. 2013). Nevertheless, not
only are the cancer cell populations heterogeneous in terms of expression profiles, but
infiltration of immune cells and stromal cells can also change their transcriptional
programs and additionally increase the complexity of the neoplasm. To dissect the
transcriptional profiles of both malignant and non-malignant cell populations, singlecell transcription analysis is required.
For example, characterization of transcriptional profiles of breast cancer has great
implications for treatment and prognosis, chiefly for ER positive breast cancer (ReisFilho & Pusztai 2011). PAM50 (Perou et al. 2000) (Sørlie et al. 2001), Mammaprint
(Van 't Veer et al. 2002) and OncotypeDx (Paik et al. 2004) assays and more are all
validated and gives clinically useful scores for risk of recurrence or metastasis in
defined patient profiles. However, to date, no signature can replace the classical
parameters tumor size, nodal status, grade, proliferative activity, ER and HER2 status
to make clinical management decisions (Arpino et al. 2013; Guiu et al. 2012).
Furthermore, the infiltration of normal tissue in tumor samples can introduce systemic
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bias in the classifications (Elloumi et al. 2011). To study gene expression that is
instructive for the neoplastic cells, resolution of single-cell based information is needed.
For example, single-cell gene expression profiles that were generated from colon
tumors could recapitulate the multilineage pattern of the tumor and could identify
subpopulations in the different tumor samples that were correlated to prognosis
(Dalerba et al. 2011).
Another aspect of single-cell based gene expression is studying the association between
the biological effects of somatic mutations or translocations producing fusion proteins.
One example are the recurrent somatic mutations in the spliceosome commonly found
in hematological malignancies. Mutations in the splicing factor U2AF1 are found
particularly in myelodysplastic syndromes (MDS) and secondary acute myeloid
leukemia (sAML) (Graubert et al. 2012) and SF3B1 in MDS patients with ring
sideroblasts (RARS) (Yoshida et al. 2011) and in chronic lymphocytic leukemia (CLL)
(Wang et al. 2011). The defects in spliceosomal genes causes missplicing and altered
exon usage (Przychodzen et al. 2013) (Papaemmanuil et al. 2011) (Yoshida et al.
2011), although the number of genes affected in these studies was low and did probably
not catch the full repertoire of affected mRNA transcripts or the subtle changes in
expression that might result from inefficient splicing and decrease mRNA export rates
(Valencia et al. 2008).
Studying gene expression in single cells can reveal otherwise undetectable variations
such as cell-cycle-dependent expression, transcriptional burst size and frequency and
expression heterogeneity correlated with true biological dynamics within a population
in response to stimulation (Wills et al. 2013). Single cell data can also fine-tune the
outline of gene regulatory modules as the co-variation can be studied with higher
resolution (Shalek et al. 2013), possibly refining the regulatory networks as they are
known today. Bimodal expression in a large number of genes, also those with low
population average, was detected by single-cell RNA seq (Shalek et al. 2013),
consistent with the findings in oscillatory and biological meaningful heterogeneity
discussed in (Islam et al. 2014).
Even if most single-cell RNA-seq studies so far have focused on resolution at the level
of tissues or developmental processes, such as identifying subpopulations,
identification of new markers or lineage reconstruction by gene expression changes
(Treutlein et al. 2014; Yan et al. 2013) with optimized protocols, information about
more subtle patterns such as cell cycling, metabolic changes and transcriptional
networks can also be captured. Therefore, studying the effects of gene expression by
somatic mutations in cancers or the biological response to stimuli in the light of
regulatory networks, would benefit from single-cell based methods to reveal patterns
otherwise confined by the nature of mixed cell populations.
1.2.2 Cancer genomics in single cells
The patterns of clonal evolution in primary cancers and metastases at molecular
resolution can only be addressed using single-cell based methods. One of the first
single-cell genomic protocols developed by (Klein et al. 1999) was based on PCR
amplification of a single cell genome and comparative genome hybridization (CGH).
By flow sorting single cell nuclei on ploidy from multiple sectors in primary tumor
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Navin et al 2010 exemplified the existence of both monoclonal and polyclonal breast
cancer tumors and described the clonal evolution of these tumors, emphasizing the
importance of sampling from multiple tumor regions (Navin et al. 2010). In the same
manner whole genome sequencing from flow sorted single cell nuclei obtained from
multiple sites from primary tumors and metastasis showed different models of clonality
(Navin et al. 2011).
Clonal architecture can be studied on the level of chromosomal aberrations using the
profiles of loss of heterozygousity, copy number variations and translocations as read
outs for genetic concordance. Another approach is to study somatic mutations that
accumulates in the genomes during the life of both normal and cancer cells producing a
genetic barcode that can be used to infer the cell lineage of these cell populations.
Phylogenetic cell lineage tracing utilize the neutral somatic mutations in instable
microsatellite (MS) sequences occurring during normal cell division. Mutation
frequencies in these mono- and di nucleotide repetitive sequences is estimated to be as
high as 10-2-10-4 per loci and per-division, which can be compared with general somatic
mutation frequency of 10-8 to 10-11(Cervantes et al. 2002). This higher rate enables
estimation of cell lineage depth and cell turn over rates at high resolution (Frumkin et
al. 2005; Salipante & Horwitz 2007). Several studies have demonstrated the utility of
such neutral mutational events for detecting rapidly dividing subclones. For instance,
clonal expansions in ulcerative colitis was shown to be a pre-malignant marker for
progression to adenocarcinoma (Salk et al. 2009). Large mutational events can occur
during a single cell division. This was demonstrated by (Voet et al. 2013) by matepaired genome sequencing from two single daughter cells derived from the same single
ancestor derived from a breast cancer cell line. A reciprocal gain and loss of DNA was
observed at multiple sites in the two sister cells.
Studying mutations or copy number changes of cancer-associated genes as well as
passenger mutations provides disease specific information.
As single cell methods are facilitated in liquid neoplasms by flow cytometry, several
studies have described the clonal architecture in different leukemias. Relapsing
leukemia cells in acute myeloid leukemia (AML) was shown to originate from the stem
cell subpopulation, rather than being a residual from the clonally expanded blast
population at diagnosis (Shlush et al. 2012). The frequent tandem duplication of the
FLT3 gene in AML was demonstrated by single-cell analysis to be extensively more
abundant in leukemic cells than could be detected from mononuclear cells in averaged
bulk samples (Shouval et al. 2014).
The order of mutational events in cancer cells is a poorly studied field and relies on
sampling of single-cells or low number of cells from multiple tumor sites. Although the
heterogeneity of somatic mutations often is large and seemingly unorganized, common
patterns might be uncovered. In (Woll et al. 2014) multiple single-cell derived clonal
colonies from sixteen low to intermediate risk MDS patients were subjected to targeted
sequencing, revealing that the Del(5q) always precedes recurrent somatic mutations in a
patient subgroup without ring sideroblasts, whereas in patients with ring sideroblasts
SF3B1 mutation in several cases preceded the Del(5q). Combination of whole exome
sequencing of bulk tumor material and single-cell multiplex qPCR, revealed complex
clonal diversity in multiple myeloma with examples of both linear and parallel
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progression as well as frequent co-occurrence of oncogenic mutations in RAS and IRF4
genes (Melchor et al. 2014).
By these single-cells approaches, instructive and prognostic pattern can be revealed,
providing important information about determinal events in tumor evolution.
Identification of the tumor propagating clone and its phenotypic identity is a foundation
for targeted therapies directed towards the cancer initiating cell populations.

1.3

SINGLE CELL BASED METHODS

The molecular state of a tissue is the sum of its parts, at the lowest functional level
represented by the individual cells constituting the tissue. A cell population that is
homogenous based on morphology or phenotype measured by a single-marker is most
likely very heterogeneous when considering the many classes of analytes that can be
studied; transcripts, protein abundance, histone modifications, DNA methylation as
well as genomics.

1.3.1 Single cell RNA sequencing
Only the transcriptional status of each single cell can truly reveal the dynamics of the
tissue. This idea was first implemented by Eberwine et.al 1992 who developed a
method for single cell cDNA amplification by in vitro transcription, followed by insitu-hybridization and northern blot. Multiplexed RT-qPCR in single cells were
developed in the mid 2000 (Peixoto et al. 2004; Bengtsson et al. 2005) with
simultaneous recording of up to 20 transcripts. In 2007, the very first single-cell
transcriptome profiling method was demonstrated, based on first strand synthesis
followed by polyA- tailing, amplifications by PCR and gene detection by microarray
(Kurimoto et al. 2007).

1.3.1.1 Description of current single-cell RNA-sequencing methods
The rapidly emerging platforms in next generation sequencing (NGS) have been the
basis for development of single cell RNA-sequencing methods that have matured
during the last five-year period. The very first single cell RNA-seq work was performed
by Tang et al. in 2009 (Azim Surani’s group) and was based on polyA-tailing after
reverse transcription and allowed multiplexing of 16 single cells.
During the following years, a number of single cell RNA-seq methods emerged, all
with different characteristics in terms of strand-specificity, transcript position and
degree of multiplexing, some of the protocols described are summarized in Figure 2.
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Figure 2. Summary of single-cell RNAseq methods published 2009 to 2014. The principal steps in library
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11

The single-cell tagged reverse transcription (STRT) method (Islam et. al 2011) was
developed based on the template switching mechanism of MMLV reverse transcriptase
and pre-amplification introduction of a cellular barcode, allowing for a higher degree of
multiplexing. In an updated version of STRT amplification noise and the number of
captured mRNA molecules was greatly improved in several steps; introduction of
unique molecular barcodes (UMI), adapter ligation was replaced with transposase
(Tn5) mediated adapter introduction and the protocol was automated on the Fluidigm
C1 system. The nanoscale reaction volumes of the C1 greatly increased mRNA capture
efficiency from 10% up to 40% (Islam et al. 2014). STRT is heavily biased towards the
5' end of the mRNAs and is therefore not suitable for studies of splice variants, but
rather for mapping of transcription start sites (TSS) and alternative promoter usage.
Smart-seq (Ramsköld et. al 2012) produces nearly full-length cDNA by using the
random insertion of Illumina P1 and P2 adapters followed by indexing and library
PCR. This enables studies of splice variants, SNPs or mutations. The cellular index is
introduced at the last step limiting the number of cells being multiplexed. In the Smartseq2, the reverse transcription reaction was greatly optimized improving cDNA yield,
increased length and reduced GC bias (Picelli et al. 2013).
PCR based amplification is well known to introduce a biased exponential accumulation
of DNA fragments related to length, GC-content and sequence complexity. To
overcome this, CEL-seq (Hashimshony et. al 2012) and MARS-seq (Jaitin et.al 2014)
take advantage of the linear amplification of in vitro transcription (IVT) by introducing
a T7 promoter during reverse transcription. The linear amplification gives good
reproducibility and sensitivity but is limited to sequence the 3' end of mRNAs.
Of the single cells RNA-seq protocol described here, only reads from STRT-C1, CELseq and MARS-seq can be mapped with strand specificity. As these protocols
selectively enrich for adaptor-ligated sequences at either the 5' or the 3' end of the
transcript, information about the strand is maintained. The trade off for this information
is however the strong 5' and 3' bias in these protocols.

1.3.1.2 Challenges in single-cell RNAseq methods
1.3.1.2.1

Capture efficiency

Sampling bias due to low sensitivity in detecting low abundance transcripts is the
biggest source of technical error in RNA-seq from small input amounts, and will give a
false negative signal (Bhargava et al. 2014). The capture efficiency in RNA-seq
reflects how well a RNA molecule is captured and represented in the sequencing library
and is essentially a sum of reverse transcription and template switching performance.
The enzymatic reaction of reverse transcriptases (RTs) is based on the capacity of
retroviruses to replicate their RNA genomes via a DNA intermediate integrated into the
host genome. The ability for RT enzymes to generate complementary DNA (cDNA)
from the RNA templates was discovered by (Baltimore 1970) and has become a
cornerstone in molecular biology methods studying gene expression. RT enzymes
require a DNA primer base-paired to the RNA to synthesize the complementary DNA
strand (Lodish et al. n.d.). In general, the priming strategy for RT reaction can be based
on a sequence specific oligo, random hexamer or oligo(dT) primers, the later a given
choice when mRNA transcripts are the target. In molecular biology the Moloney
Murine Leukemia Virus Reverse Transcriptase (M-MLV-RT) has been cloned and
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optimized for decades resulting in a plentitude of commercial RT enzymes. Enzymes
derived from M-MLV-RT such as Superscript II and III (Invitrogen), SMARTScribe
(Clontech) and AffinityScript (Agilent) all have the intrinsic ability to introduce three
to six dCMP to the 3' end of the cDNA enabling template switching during DNA
synthesis (Schmidt & Mueller 1999) (Figure 2). This tailing occurs preferentially at the
5' CAP site of the mRNA and is enhanced by the stabilizing effect of Mn2+ (Schmidt &
Mueller 1999) (Islam et al. 2012). The tail of cytosines can be exploited by introducing
a Template Switching Oligo (TSO), which carries three riboguanosines at its 3’ end.
This oligo will anneal transiently to the extended cytosine tail and a complementary
sequence is synthesized by the reverse transcriptase. Reverse transcription from small
amounts of mRNA such as in a single cell requires optimization to catch low
abundance transcripts. Therefore, the representation of low transcribed genes will be
severely compromised if reverse transcription or template switching is of low
efficiency. Optimization of cDNA yield can be obtained by exchanging one G in the
TSO for a stabilizing locked nucleic acid (LNA), combining betain with increased
concentration of Mg2+ (Picelli et al. 2013). Sensitivity in single cell RNA-seq
calculated as the number of detected transcripts compared to bulk experiments or as the
percent detected spike-in RNA have also been shown to increase dramatically when
library preparation is scaled to nanoliter volumes in C1 platform (Fluidigme) (Islam et
al. 2014) (Wu et al. 2014). Amplification bias
The exponential nature of PCR is well known to introduce a biased distribution of
amplicons (Tang et al. 2011). As PCR is more efficient for shorter fragments and
suppress amplification of fragments with high GC content it is important to minimize
the PCR cycles and optimize PCR conditions during sequencing library preparation to
get a coverage representing the targets of interest i.e mRNA molecules or genomic
region. Base composition affects the PCR efficiency for especially GC-rich but also or
AT-rich sequences. The number of transcripts with extreme base composition might be
relatively low but can still be highly interesting, for example, 104 of the first 136
coding bases of the retinoblastoma (RB1) tumor suppressor consists of G and C (Aird
et al. 2011). PCR is performed at several steps in preparation of Illumina sequencing
libraries. In RNA-seq, a PCR is typically performed to amplify cDNA and a second
library PCR to amplify the final library (Figure 2). Analogous, in targeted DNA
sequencing PCR is typically performed before and after target hybridization. Cluster
amplification is the last PCR step in library preparation. The PCR performed during
library preparation was shown to be the most discriminating step in bulk RNA-seq
(Aird et al. 2011).
Several approaches can be taken to minimize the PCR bias. Hot start polymerases
prevent the reaction from starting prematurely, while it is still at room temperature, by
requiring a 95°C activation step. Temperature ramp rates, elongation times and use of
various additives such as DMSO, betaine, BSA and MgCl2 influence PCR efficiency
for GC-rich sequences (Aird et al. 2011) (Strien et al. 2013). The use of a singleprimer PCR suppresses short amplicons by forming hairpin loops because of the
complementary primer sequences at both ends, thus promoting full-length cDNA.
Furthermore, the introduction of unique molecular identifiers (UMIs) enables
calculation of the exact number original mRNA molecules, which can be used to
estimate and remove PCR bias. The molecular barcodes are introduced during reverse
transcription and enables identification of the original identity of each amplified
transcripts and thus the true number of starting molecules. In contrast to read counts,
13

UMIs reflect the biological representation of transcripts rather than representations of
red counts, which is heavily influenced by PCR.
1.3.1.3 Components of RNA-sequencing data
The RNA-sequencing generates read counts from a region (gene) in a sample (cell).
Two important characteristics of this data need to be considered. First, the total number
of reads varies extensively in each sample, which requires appropriate normalization.
Secondly the count data is nonnegative and is therefore considered to follow the
Poisson distribution or negative binomial distribution (Anders & Huber 2010). Tools
that have been developed for data that follows the normal distribution such as principal
component analysis or ANOVA might therefore not be suitable for RNA-seq data,
especially if low abundance transcripts should be analyzed (Witten 2011).
1.3.1.3.1

Cell to cell noise

The distribution of read counts is a result of technical bias and true biological variation.
The technical noise was suggested to depend on expression levels. For low expressed
genes the sampling bias dominates and for highly expressed genes variability in
sequencing efficiency between samples (Grün et al. 2014).The biological variation can
relate to both the intrinsic noise in transcription frequencies and burst sizes and
extrinsic noise related to variability in gene regulatory networks and transcription factor
kinetics.
1.3.1.3.2

Intrinsic noise

Early single-cell experiments detecting a small number of genes by imaging revealed
large variability in transcript abundance between single cells. This was explained by
stochastic transcriptional bursts and transcriptional pulsing (Chubb et al. 2006) (Raj et
al. 2006). The stochastic nature of intrinsic noise can be considered a trade-off
between the energy expense for a cell to produce an excess of transcription and the
expense to keep gene expression at a perfect level to maintain a certain state, or respond
to perturbations (Lestas et al. 2010).
Gene expression modes can be modelled as either constitutive following a Poisson like
distribution based on that the probability of generating a new transcript is constant over
time. Another mode can be described as a two-state model, where transcription is burstlike and based on an on-off state of promoter activity (Dar et al. 2012), varying with
transcriptions . This mode of transcription is better modelled by variations of
mixed/over dispersed Poisson distributions, as the variance is greater than expected
from the Poisson distribution that has constant probability. A mixture distribution can
better fit the transcript distribution by allowing two free parameters (mean and
dispersion), which can be modelled for example as a Poisson distribution where the rate
parameter itself is a random variable. This is called the negative binomial or Gamma
Poisson, having two free parameters. If the expected value (lambda) of the mixed
Poisson distribution is largely variable, such as in mixes of very high and low
expressed genes, the (Poisson) distribution is better described using even more free
parameters such as in Beta Poisson, where four parameters can be used to approximate
factors that influence the distribution of expression such as transcription rates in
promoter on-off states and RNA degradation rates. Thus, mixed Poisson distributions
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take into account the larger and slower fluctuations over time that is the result of
pulsing or bursty expression (Wills et al. 2013). Although this "bursty" and stochastic
transcription has been confirmed by several, using qPCR or image based single-cell
techniques ((Taniguchi et al. 2009) (Dar et al. 2012) (Cai et al. 2008), parts of this
variation might be explained by the bottlenecks in sampling transcripts from one single
cell as well as biologically meaningful non-stochastic gene regulation where fluctuating
genes co-varies such as in gene regulatory networks. As labeling of individual
transcripts by molecular counting and methods for increased capture efficiency will be
implemented in single-cell RNA-seq methods the level of variation between single cells
might end up being less pronounced (Islam et al. 2014) (Wu et al. 2014) enabling
detection of functional networks at high resolution.
1.3.1.3.3

Normalization

Normalization is an essential step to compute differential gene expression to minimize
the impact of variability in library size, gene specific effects such as gene length but
also potential GC-bias (Dillies et al. 2013).
The methods for normalization can either take the library size of the whole data set into
account such as Size Factor calculation in the DESeq package and Mean of M-values
(TMM) in edgeR. Here, scaling factors are calculated based on the mean (DEseq) or
median (edgeR) of the whole or part of the data set, both assuming that most genes are
not differentially expressed. For example, in DEseq (R package) (Anders & Huber
2010; Anders et al. 2013) a reference sample is constructed by taking the geometric
mean for each gene over all samples. For each gene, each read count is divided by the
reference sample and the overall mean of the quotes is the normalization factor for the
data set (SizeFactor). Other normalization methods such as Total Counts (TC), Reads
Per Million (RPM), Upper Quartile (UQ) (Bullard et al. 2010) or Reads Per Kilobase
per Million mapped reads (RPKM) assumes that the read count distribution is the same
in all samples and divide by the library size per sample and multiply by either total
count (TC) or 106. For full-length transcripts reads per kilobase per million mapped
reads (RPKM) is typically used (Ramsköld et al. 2012). This metric assumes that long
genes with long coding regions will produce longer transcripts and therefore more reads
from each transcript. However the actual transcript length might not be known and
large differences in splice regulation can exist in different cells. The introduction of the
length unit only in the denominator further introduces variability between genes as the
total number of reads will be influenced by the different gene length for each gene
(Wagner et al. 2012.
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A clear difference in robustness was reported when seven different normalization
methods where compared investigated the effects on RNA-seq data sets with different
characteristics. While TC could correct for differences in sequencing depth it was
shown not to handle large differences in library composition i.e. libraries where a small
number of genes have very high counts or a large number of genes have zero counts
and thus assumes the same read count distribution for all samples. The authors
conclusions was that the two normalization methods used in DEseq and edgeR were
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much more robust in handling differences in library sizes and library compositions than
TC and RPKM (Dillies et al. 2013).
In single-cell RNA-seq methods the variability between cells comes mainly from
sampling efficiency and from varying sequencing efficiency between samples.
Three different strategies for normalization were tested by evaluating the sampling
variability (technical noise), cell-to-cell variation (sequencing efficiency) and biological
variation. First model was simply counts normalized to cross-sample median, second
and third model used a normalization factor derived from the spike-in RNAs statistics
either by regression or by expression levels. Based on these results technical noise was
suggested to depend on expression levels so that low expressed genes the sampling bias
dominates and for highly expressed genes variability in sequencing efficiency between
samples (Grün et al. 2014).
In single-cell expression analysis, care must be taken to analyze both absolute and
relative expression levels, and thus normalization may not always be appropriate. For
example, if a cell has twice the amount of total RNA than another, then a gene
expressed at the same absolute level (say, 10 molecules per cell) would by half as
abundant in relative terms. Importantly, both absolute and relative expression levels
may be biologically meaningful in single cells.

1.3.2 Targeted sequencing from single cells or low input DNA
Methods for genomic analysis such as comparative genome hybridization (CGH), SNP
microarrays and multiplex PCR, from single cells have been under constant clinical use
in the area of pre-implantation genomic diagnostics (PGD), where the available
material is limited. In PGD however, the diagnostic goal is already set and the regions
analyzed are often few and focal or aiming to determine chromosomal ploidy. In
contrast, complete genome sequencing from single cells have been instrumental to
obtain the genomes of uncultivated microbes. Exploratory studies aiming to map intraor inter heterogeneity in tumors requires large scale methods that can analyze several
samples at one time as well as sampling whole genomic- alternatively exomic regions.
One of the first protocols detecting chromosomal amplifications and deletions with
CGH in amplified genomic DNA from single cells comes from (Klein et al. 1999). The
best resolution of copy number variations (CNV) obtained from aCGH is within the
range of millions of bases whereas sequence data properly analyzed, can reveal short
amplifications at below kilobase resolution (1000 Genomes Project Consortium et al.
2010) and in addition detect single nucleotide variations (SNV), loss of heterozygousity
(LOH) and translocations.
The basic outline of the methods used to obtain single cell sequence data to date are
based on FACS sorting (hematological malignancies), whole genome amplification
using multiple displacement amplification (MDA) and subsequent whole genome- or
targeted enrichment preparation of sequencing libraries. In (Navin et al. 2011) single
nucleus sequencing (SNS) single cell nuclei are FACS sorted, whole genome amplified
and sequenced by low coverage (x6) to generate global copy number profiles. The
latter method does therefore not include single nucleotide mutations which requires a
minimum sequencing depth of 20-30 fold coverage (Hou et al. 2012; Mwenifumbo &
Marra 2013).
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1.3.2.1 Challenges in DNA sequencing from single cells
A number of challenges can be listed for sequencing of tumor samples both from bulk
and from single-cells. For instance, mapping clonal evolution requires sampling from
multiple tumor regions to grasp the full heterogeneity of the subclones in the tumor. If
the task is to further relate the genetic profile to differences in paired metastatic
samples, sampling from only one tumor region might over or underestimate the
concordance of the genetic profiles. If the study aims to detect somatic mutations or
somatic structural changes the genotyping has to include a normal tissue control
sample, or germline DNA. In sequencing studies from MDS, T-cells are commonly
used as a normal control population because this lineage is not a part of the MDS clone
and not affected by mutations (Nilsson et al. 2000). However in AML, (Shlush et al.
2014) recently reported DNMT3A mutations present at low frequencies in T-cells in 15
out of 17 patients. The limited accessibility of normal tissue can be a challenge for
various reasons such as clinical practice, ethical aspects and pathohistological strategies
for collecting normal tissue from peritumoral areas. Although alternatives sources for
germline control tissues exists, including buccal swap, sputum and skin biopsies, these
are often contaminated with blood.
1.3.2.1.1

Whole Genome Amplification

Preparation of sequencing libraries from single genomes requires amplification of the
diploid genomic DNA from 6.6 pg into the typical nanogram or microgram amounts
required for most commercial targeted- or whole genome sequencing platforms. Whole
genome amplification (WGA) by isothermal multiple displacement amplification using
Phi29 DNA polymerase is widely used for amplification of low amount DNA and
typically produce two-fold genome coverage compare to PCR based WGA (Voet et al.
2013). The enzyme combines the capacity of producing long fragments in the range of
tens of kb with proofreading activity with error rates 10-5 to 10-6 (Esteban et al. 1993).
The fidelity of Phi29 polymerase have been extensively studied as amplification from
low amounts of genomic DNA can be a risk factor for introducing false positive
mutations, false absence of variants or false LOH due to allelic drop out, and genomic
structural alterations such as copy number variations and inversions. Genome coverage
assessed by SNP genotyping show high concordance of up to 100% from amounts
down to 0.3 ng amplified DNA (Paez et al. 2003; Lovmar et al. 2003). As Phi29
produces hyperbranched structures by multiple displacement amplification (MDA)
resulting in background noise and amplification bias, (Zhang et al. 2006) used a
method they named 'ploning' (polymerase cloning) to overcome the low cloning
efficiency resulting from this. By first incubating the hyperbranched MDA product
from single microbial genomes with Phi29 DNA polymerase but without primer, the
strand-displacing activity of Phi29 reduces the density of branched junctions. Second,
any single stranded structures are removed by S1 nuclease digestion and the remaining
double stranded amplified structures are nick repaired by the exonuclease activity of
DNA polymerase I.
Although MDA amplification has been shown to produce artifacts as a result of uneven
signal intensity for copy numbers, these variations seem to be highly systematic and
partly confound to chromosome ends and GC rich regions. They can therefore be
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corrected by normalizing against Phi29 amplified control sample (Bredel et al. 2005;
Pugh et al. 2008). Furthermore, these artifacts can be further handled by copy number
determination based on hidden Markov models as copy number signals from
neighboring locus will determine the average random errors (Paez et al. 2003).
However, the massively branched amplification of Phi29 MDA was reported to form
chimeric molecules in E.Coli which displaced 3'-ends have annealed to single stranded
5'-ends, most often priming on only 2-20 nucleotides (Lasken & Stockwell 2007). The
result of this mechanism was described by (Jiao et al. 2011) as a massive introduction
of intra chromosomal inversions when comparing Phi29 vs unamplified DNA using
mate-pair sequencing. This pattern was confirmed by (Voet et al. 2013) in a detailed
experiment comparing single-cell WGA using MDA or PCR based amplification and
mate-paired sequencing. They found a 458x increase in putative arrangements
compared to unamplified tumor DNA, out of which 98% were inversions. By
increasing the minimum number of mate pairs that must span a genomic region holding
a putative rearrangement increased the concordance of putative deletions, tandem
duplications and inter-chromosomal rearrangements found in the MDA versus
unamplified sequences. Despite the requirement of refined informatic approaches to
discriminate true chromosomal rearrangements in single-cell MDA sequences, Voet et
al (Voet et al. 2013) suggest that this can be done by mate-paired sequencing in
combination with allele-frequency profiles (BAF) using genomic bins of around 10 kb.
The fidelity of Phi29 at single nucleotide level was addressed by (Hasmats et al. 2014)
by comparing exome sequence data from Phi29 amplified versus unamplified genomic
DNA from tumor and matched normal tissues. This study reports that 89% of somatic
mutations detected in MDA samples also were present in the unamplified sample,
suggesting that Phi29 MDA introduces false positive mutations. However, as all
unamplified samples were prepared by SureSelect exome enrichment whereas all
amplified samples were prepared by Nimblegen exome enrichment this is essentially a
comparison of the sensitivity of these two different enrichment libraries. The exome
enrichment platforms from Nimblegen, Agilent and Illumina were compared by (Clark
et al. 2011) demonstrating that Nimblegen-enriched libraries consistently captured the
most SNVs at all levels of coverage (20-80 M reads) for regions shared between the
three platforms.
Amplification from one single genomic molecule confers a number of challenges;
Allelic drop out (ADO) will give a false detection of loss of heterozygousity and if
single nucleotide mutation exists within the region, a false negative mutation call. ADO
have been reported in various single cell applications at around 10-31% (Kumar et al.
2008; Handyside et al. 2004). By increasing the number of cells to 2 or 5 ADO was
markedly decreased and completely diminished when performing MDA from 10-20
cells (Handyside et al. 2004). One approach to minimize the risk of ADO is therefore
to expand primary single cells in vitro (Woll et al. 2014). Although this approach can
successfully avoid losses of genomic regions, it might introduce a selective pressure on
unstable cancer genomes with mutational heterogeneity as a result.
In a pilot study, we used the haploid X-chromosome in male genomes as a target for
evaluation of ADO in WGA samples from single cell clonal expansons with < 10 cells
using Illustra GenomiPhi V2 (Ge Healthcare). We compared amplified DNA from
clonal expansions using the single cell MDA protocol from (Kumar et al. 2008) with
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DNA amplified from 10 ng and unamplified gDNA by qPCR using 21 primer pairs
targeting the length of the chromosome. At this sparse detection level, all single cell
expansions were similar to non-amplified genomic DNA in Ct.
We also addressed the risk of introducing false positive mutations as well as the loss of
alleles by the amplification process in a control experiment by comparing two different
dilutions of genomic DNA to unamplified genomic DNA from a healthy individual
extracted from whole blood using the PAXgene Blood DNA kit (Qiagen). The DNA
was of good quality (>58 kB fragment length) and of high concentration (>300 ng/uL).
The DNA was diluted 1:100 and 1:1000 and 6 ng respectively 0.6 ng was subjected to
WGA, exome enriched, sequenced and analyzed as described in (Kjällquist et. al.
manuscript) using the unamplified sample as ‘germline’ control. No loss of
heterozygousity was detected in the control genome. In the control exome with 6 ng
input gDNA, we found no (zero) variant positions, indicating that the false discovery
rate was negligible when the amount of starting material was in the range of 6 ng or
more. In the control exome with 0.6 ng input gDNA, we found 27 amino acid altering
mutations that passed our SNV calling criteria. This indicates that false positive SNVs
can start to appear as the amount of input material is reduced.
1.3.2.1.2

PCR bias

The many amplification steps used in preparation of sequencing libraries both from
single-cells and bulk genomic DNA; DNA amplification, library PCR, and cluster
generation have been suggested to sum up to an error rate of 1%. Approaches for
molecular tagging (see 1.3.1.2.2) to reduce PCR biased artefacts have been suggested
by several and are summarized in (Schmitt et al. 2012). However, as DNA naturally is
double stranded, these approaches might not fully solve the problem of false mutations
introduced at the first rounds of amplification and fully enriched in the final sequencing
library. To solve this problem (Schmitt et al. 2012) suggested a paired end sequencing
approach named Duplex sequencing and combines the power of a molecular identifier
with the strand specificity of paired-end sequencing. A sheared double stranded DNA
molecule is ligated to A-tailed adapters containing a degenerate molecular barcode and
sequencing specific adapters. After PCR each strand is still tagged at each end with its
unique combination of molecular barcode and adapter. This enables detection of true
mutations as the two strands are complementary and should both contain the true
mutation, whereas a PCR or sequencing error will be present in only one of the strands.
This approach was reported to minimize mutation artifacts to a rate of 10-12 nucleotides
and could therefore be facilitating detection of very rare mutations.
1.3.2.2 Detection of significant mutations
In addition to the artefactual sequence errors introduced during library preparation and
sequencing discussed above false positive mutations can be called as a result of
misalignment of short sequences in regions with low complexity or duplicate genes or
pseudogenes. Furthermore, the reference genome is constructed from relatively few
individuals and therefore includes minor alleles and disease associated variants.
(Fuentes Fajardo et al. 2012) hypothesized that genes frequently containing multiple
deleterious variants as predicted by SIFT or polyhen are unlikely to be disease causing
and thus are more likely highly polymorphic. In addition, excess heterozygousity was
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derived by Hardy-Weinberg equilibrium, which identified variant regions that had been
misaligned. The authors provide a list of problematic genes and variants locations that
was suggested to minimize the risk of identifying false-positive signals. Another
approach to eliminate artefactual findings have been taken by (Lawrence et al. 2013)
arguing that as the sample size of sequenced cancers increases, the number of genes
being putatively significantly mutated is extended and includes genes completely
unrelated to disease which risks to draw attention from the genes truly associated with
cancer, commonly with lower recurrence. By examining the sequences from 3000
tumor samples from different cancers they mapped the heterogeneity of mutation
frequencies in different aspects such as cancer type, mutational spectrum as well as
correlated mutation frequencies in different genes to gene expression and replication
timing, all factors contributing to the overall mutation frequency. These factors were
integrated in an analysis tool (MutSigCV) that corrects for sample specific and gene
specific variations in mutation spectrum.
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2 RESULTS AND DISCUSSION
2.1

PAPER I: CHARACTERIZATION OF THE SINGLE-CELL
TRANSCRIPTIONAL LANDSCAPE BY HIGHLY MULTIPLEX RNASEQ

As all tissues are heterogenic and constituted of multiple cell populations with different
phenotypic but also molecular characteristics, analysis of single cells is an important
tool to gain insight in the complex interplay of mixed cell populations. Single-cell
based methods for gene expression have been limited to analysis of few cells. However,
to faithfully map the heterogeneity of a tissue one need to sample thousands of cells, for
this a high degree of multiplexing and throughput must be feasible. In this paper we
developed a method for single-cell RNA sequencing that is highly multiplexed and
demonstrate its power to map the gene expression from 92 single cells. Briefly, singlecell tagged reverse transcription (STRT), is based on cDNA synthesis using the polyA
tail as a template for first strand synthesis and secondly the mechanism of template
switching to introduce a cell six-base barcode allowing us to pool the cDNA from each
single cell after this initial step. The pooled library is then amplified using singleprimer PCR and sequencing adapters for Illumina sequencing was introduced. After
sequencing on Illumina Genome Analyzer IIx the raw reads lacking barcodes were
removed leaving 82 M reads to be aligned which resulted in a list of 13,879 annotated
genes and 940 repeat families. STRT has a string preference to produce reads in the 5'
end of the mRNA which could be a powerful strategy for detections of differential
promoter usage. As STRT preserves strand information we could map 500 gene pairs
with overlapping exons with opposite orientation. During library preparation 10 pg of 8
different synthetic reference RNA were spiked into each single cell sample. By relating
the raw read counts from each well to the known number of reference RNA starting
molecules a quantitative measure on the mRNA molecules was obtained. (This
approach for quantitation has however been improved greatly with the introduction of
molecular barcodes). We then use similarity of expression patterns to map the cells in
relation to each other. By this unbiased approach both single-cell details and cell type–
specific population averages are available and can be studied without the mixing of
data from unrelated cell types. Importantly, both known and novel factors specifically
expressed in a cell type can be analyzed, since the resulting data set comprises the
entire transcriptome of each cell. We found well-known ES markers such as Dppa5a,
Sox2, and Pou5f1 to be specifically expressed in ES cells as well as other markers for
pluripotency (Klf4, Myc, and Klf 2). In contrast, MEFs were characterized by high
expression of cytoskeletal and matrix proteins such as Actb, Thbs1, and Fn1. In
conclusion, we demonstrated power of large-scale single-cell analysis by developing a
method for single-cell RNA sequencing. The data obtained could clearly distinguish the
two different cell types based on gene expression known to be specific for the function
of these cells. Even if not every cell expressed every marker, patterns of gene activity
were highly consistent at the population level.
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2.2

PAPER II: HIGHLY MULTIPLEXED AND STRAND-SPECIFIC SINGLECELL RNA 5' END SEQUENCING

This paper describes the protocol for single-cell tagged reverse transcription (STRT) in
detail. In all, 96 cells are lysed, and their mRNA is converted to cDNA. By using a
template-switching mechanism, a bar code and an upstream primer-binding sequence
are introduced simultaneously with reverse transcription. All cDNA is pooled and then
prepared for 5′ end sequencing, including fragmentation, adapter ligation and PCR
amplification. The chief advantage of this approach is the great reduction in cost and
time, afforded by the early bar-coding strategy. The protocol describes in detail all
reagents and equipment, preparation of spike RNA, oligos and their modifications and
also identifies a number of critical steps that should be helpful to anyone using this
protocol.

2.3

PAPER III: MYELODYSPLASTIC SYNDROMES ARE PROPAGATED
BY RARE AND DISTINCT HUMAN CANCER STEM CELLS IN VIVO

Myelodysplastic Syndrome (MDS) is a clonal hematological disorder characterized by
dysplastic and ineffective hematopoesis in multiple lineages resulting in a complex
clinical manifestation including anemia, trombocytopenia and neutropenia and is
associated with frequent progression to acute myeloid leukemia (AML). The dysplastic
cells have been hypothesized to originate from the normal hematopoetic stem cell
compartment (Nilsson et al. 2000) and clonal hematopoiesis dominates already at
diagnosis and that this clone is sustained although branched in progression to secondary
AML (Walter et al. 2012). Since the concept of human cancer stem cells (CSC) relies
on the existence of a rare stem cell population with a unique ability to self-renew and
replenish a molecularly and functionally distinct non-tumorigenic progeny, the
identification of such a population is fundamental for this mutational analysis. In
addition, studies exploring cancer stem cell potential typically relies on surrogate
assays where candidate cancer stem cell populations are interrogated outside their
natural habitat (Clevers 2011). In fact, no study to date has demonstrated the existence
of human cancer stem cells within the cancer patient themselves. However, the
existence of murine cancer stem cells by genetic lineage-tracing tools was previously
established (Schepers et al. 2012; Driessens et al. 2012; Chen et al. 2012). We
therefore characterized the lineage negative (CD34+CD38-CD90+CD45RA- ) candidate
MDS stem cell and the early myeloid restricted granulocyte- macrophage (GMP) and
megakaryocyte-erythroid (MEP) progenitors molecularly and functionally and
demonstrated that these are distinct cell populations. Only the candidate MDS stem cell
population could be sustained in in vitro long-term cultures confirming self-renewal
ability. The ability of the MDS stem cells to replenish the MEP and GMP populations
was confirmed by transplantation into immune-deficient mice.
In this study we confirm that the origin of all MDS progenitor cells is indeed the MDS
stem cell clone. By exploiting somatic mutations as genetic markers we could trace the
origin of each mutation back to the distinct MDS stem cell population. To do so, we
used targeted sequencing of 84 genes known to be frequently mutated in MDS and
other hematopoietic malignancies and exome sequencing of unfractionated bone
marrow followed by targeted re-sequencing of distinct purified MDS stem- and
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progenitor populations and individually picked in vitro long-term single cell clones.
The finding that all detected mutations are aquired in the MDS stem cells demonstrate
that only the MDS stem cells have self renewal capacity in vivo within the patients
themselves, since any stable mutation must come from a self renewing cell. In contrast,
mutations only detected in downstream cell populations would indicate that self
renewal capacity would have been gained during tumor progression in these cells.
Thus, the mutational landscape in low-risk 5qdel MDS patients appeared to be
relatively stable, however in two other patients, which later transformed to AML, new
mutations were identified in the SC- compartment while BM blasts remained <5%. The
approach of performing targeted sequencing of WGA amplified single-cell expanded
long term colonies (LTC) from MDS stem cells could successfully resolve the
chronological order for some of these mutational events. In both cases, a recurrent
TP53- mutation emerged prior to disease progression and increased in blast count, were
additional sequentially acquired mutations were mapped to the MDS-SC-compartment.
For one patient, a predicted passenger-mutation (PIFO) could not be mapped to the SCcompartment but was instead observed at a high frequency in notably expanded
progenitor compartments, along with the preceding TP53-mutation. Detailed
mutational analysis of immediate downstream populations as well as MDS-SCs,
revealed the presence of the PIFO mutation in distinctly expanded MPPs but not in the
MDS SC compartment is compatible with acquisition of self-renewal-potential by the
MPPs at the time of disease progression following acquisition of a TP53-mutation. This
finding correlates well with the models of clonal evolution in AML revealing increased
clonal heterogeneity (Ding et al. 2012). Another recurrent finding from this single-cell
LTC approach was that Del(5q) always precedes recurrent somatic mutations in a
patient subgroup without ring sideroblasts, whereas in patients with ring sideroblasts
SF3B1 mutation always preceded the Del(5q). In contrast, in several patients with ring
sideroblasts and SF3B1 mutation, Del(5q) was preceded by the SF3B1 mutation. This
study provides definitive evidence for the existence of rare human CSCs in vivo, a
finding with wide clinical implications. In all the investigated cases each of the
identified candidate driver mutations were part of the same dominating stem cell clone,
suggesting that these mutations provide with a competitive advantage but fail even in
combination to confer self-renewal potential to downstream progenitors.

2.4

PAPER IV: HETEROGENEITY AND CLONAL EVOLUTION
REVEALED BY EXOME SEQUENCING OF PRIMARY BREAST
CANCERS WITH PAIRED METASTATIC LESIONS

In this project we addressed the heterogeneity in metastatic breast cancer by comparing
the genetic profiles of ten pairs of primary tumor to their metastatic lesion. Although
genomic heterogeneity in primary solid tumors has been extensively studied during the
last decade, little has been described about the genomic profiles of the metastatic
lesions and their relation to its original malignant cell population. The studies that have
investigated the genetics in metastases have been confounded to low resolution CGH or
analysis of few mutated genes but also alterations in estrogen- , progesterone- and
HER2 receptor status and cytogenetic aberrations studied by FISH. Here, we report the
exome sequences of paired primary-metastasis tumors from ten breast cancer patients.
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We found a marked heterogeneity in number of somatic mutations as well as the extent
of chromosomal aberrations in the metastatic lesions. Generally, the number of somatic
mutations was significantly larger in the metastases, but a subset showed the inverse
pattern. Furthermore, their genomes had undergone significant copy-number variation
and loss of heterozygosity, sometimes independently of the primary tumors. We found
a number of mutated genes to be enriched in the metastases including MLL3, BCL9 and
several members of the A-kinase anchoring protein family (AKAPs). In addition to the
single nucleotide variations (CNV) in seven AKAP genes, several copy number
variations, mostly deletions in regions containing AKAP genes were detected, totally
three being gained in the metastasis. Furthermore, gene expression profiles from the
metastatic lesions revealed a differential gene expression pattern of AKAP relative to
the tumor PAM50 intrinsic subtype. This pattern was confirmed in gene expression
data from The Cancer Genome Atlas (TCGA) and shows a subtype-specific regulation
dividing the AKAPs into groups of "basal-high" (including AKAP1, AKAP3, AKAP7,
AKAP8) and a "basal-low" (including AKAP10, AKAP11, AKAP9, AKAP5, AKAP14,
AKAP12). Interestingly, these groups correlate with the subcellular organization of
these PKA-anchoring proteins with the basal-high group being nuclear or associated
with ER and mitochondria and the basal-high group being mainly cytoplasmic or
membrane associated. These findings indicates that the AKAP family might play a role
for metastasis which have been suggested in functional studies for AKAP13(PaulucciHolthauzen et al. 2009; Iwashita et al. 2004). The exact implication of the function of
AKAP in cancer remains to be further studied.
We also detected that the well-known structural changes in chromosome 8 in breast
cancer such as deletions in 8p and amplifications in 8q, often can be gained or enriched
in metastases.
Finally, we suggest three distinct patterns of evolution based on the major
characteristics of the relation between primary tumor and metastases; the increased
number of somatic mutations, the disparity between mutated genes and the patterns of
discordance in the LOH and CNV patterns. Although each patient showed distinct
patterns of genomic aberrations, they could be roughly arranged in three characteristic
groups.
Patterns of mutations in primary tumors have been previously studied by genome and
exome sequencing. Our findings indicate that in metastatic lesions, these patterns are
extensively transformed, with enrichment of mutations in a distinct set of genes. In
some patients, the mutational and cytogenetic patterns of the metastases could not be
identified within the primary tumor. Therefore, a detailed characterization of the
metastatic lesions will have major implications for the treatment regimens of
disseminated cancer disease.
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3 CONCLUSIONS AND FUTURE PERSPECTIVES
3.1

SINGLE-CELL TRANSCRIPTOMICS

We have demonstrated the great potential in single cell transcriptomics by developing
and applying a method for single-cell RNA sequencing (paper I and II). The
exploratory journey of discovering novel cell types and refining the maps of different
tissues has just begun and should be expected intensify during the next years as the
performance of current single-cell methods are improving. Single cell RNA-seq has yet
not been explored to any greater extent in any cancer types. One explanation is the
relatively low throughput of single-cell RNA-seq that until now has been limited to tens
of cells per experiment but is rapidly increasing with automated systems such as C1
(Fluidigm). As subtyping of breast cancer tumors by gene expression profiles having
been proven to provide with great prognostic value, the therapeutic implications are
still limited. The complexity of tumor tissues will fog the different expression profiles
of the different cell populations collaborating to maintain the tumor. Extensive singlecell RNAseq of both solid and hematological tumors would inevitably aid to resolve the
regulatory networks of tumor expression profiles and clarify the question of what is
what in mixed solid tumors or as formulated by (Hanahan & Weinberg 2000): "can the
large and diverse collection of cancer associated genes be tied to the operations of a
small group of regulatory circuits?"

3.2

SINGLE-CELL GENOMICS

The heterogeneity of complex tissues such as cancer tumors clearly indicates the need
for sampling of information at higher resolution. In paper III we demonstrate the power
of using single-cell based methods to unravel the order of mutational events during
tumor progression. Several other fundamental questions in tumor biology are likely to
be enlightened by single-cell sequencing approaches. This includes to further fate map
the clonal relationship between tumors and metastases by identifying the disseminating
clones, their mutational characteristics and the extent of parallel progression suggested
to occur as a very early event during tumor evolution.
The fate mapping approach will also aid to identify potential cancer stem cells with the
same rational as described in paper III. As any tumor propagating cell population with
self-renewal capacity would be positioned at the apex of a hierarchical phylogenetic
tree, despite its position in the lineage of differentiation, single-cell sequencing of large
number of tumor cells in combination with phenotypic characterization should be a
delicate tool to identify and target cancer-initiating stem like cells. Furthermore, the
mutational landscape of the stromal compartment has not been studied. Combining
targeted DNA sequencing with gene expression could probably shed some light on the
genetics behind the stromal contribution in tumor development.
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3.3

SINGLE-CELL SECRETOMICS TO REVEAL THE ORIGIN OF TUMOR
PROMOTING MECHANISMS OF STROMA

The cancer promoting influence of the microenvironment and specifically the stromal
cells have earned deep attention during the last years. Cancer associated fibroblasts
(CAF) have even been suggested to be cancer initiating (Pietras Östman). CAFs
provide an oncogenic permissive environment by secretion of growth factors such as
EGFs, FGFs and Wnt signaling. In addition, CAFs can secrete insulin growth factor
(IGF) -1 and -2 as well as extracellular matrix components contributing to ECM
stiffening that have been found to be an important factor for enhanced tumor growth.
Some studies indicative of the tumor initiating capacity of CAFs are based on
genetically modified fibroblasts that upon loss of TGFβ have induced neoplasias at
different anatomical sites. Other studies demonstrate that Trp53 and Pten mutations in
fibroblasts accelerated the initiation of mammary tumors (Trimboli et al. 2009; Hill et
al. 2005). The conclusion that CAFs are indeed tumor initiating is however not
obvious. The possibility that the tumor-promoting effect of the CAFs is a result of
signals from the tumor cells that opportunistically work on a normal, but sensitized
stromal population, has not been addressed. Moreover, genetic alterations in stromal
fibroblasts have not been studied (Pietras & Ostman 2010), and there seem to be low
evidence for that considering the dilution effect seen in genetic profiling of tumors with
high stromal content. Many studies declare reciprocal interactions between tumor cells
and stromal fibroblasts. However, a reciprocal signaling is implicit of a two-way
secretion. To study the tumor-stroma interaction the secreted molecules of the tumor
cells have to be studied. There is growing evidence of unconventional secretion from
tumor cells (Villarreal et al. 2013; Karagiannis et al. 2010) and reviewed in (SchaaijVisser et al. 2013). Cancer cells might hotwire normal secretion pathways leading to
abnormal secretion of proteins that might produce both autocrine and paracrine
signaling with cancer-promoting affects on the microenvironment. In addition, the
secretome might contain novel biomarkers and provide with therapeutic targets
(Gromov et al. 2013; Sauter et al. 2009). As studies of the cancer secretome have been
limited to cancer cell lines, or the interstitial fluid from whole tumors or nipple
aspirates (Mannello & Ligi 2013; Sauter et al. 2009), the cancer secretome specific to
cancer cells is unknown. To address this, single-cell based proteomics needs to be
applied on the secretome of cancer cells. This includes assembly of already existing
technologies including microfluidic based single-cell handling (Mazutis et al. 2013)
integration to functional proteomics (Wei et al. 2013) and high resolution protein
detection methods such as nano-LC-MC/MS (Koroleva & Cramer 2011) (Köcher et al.
2012) or single-cell MALDI mass spectrometry (Boggio et al. 2011).
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