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Abstract
Biological tissues are a complex mixture of specialized cell types which display
heterogeneity at the level of gene expression and in some cases at the level of the genome.
Single cell studies thus have the potential to reveal important biological insights that are hidden
in bulk measurements. However, realizing this potential requires overcoming technical
challenges unique to single cell measurements. Single cell sequencing requires amplification,
which introduces errors that must be minimized. Moreover, dissecting a heterogeneous system
requires methods capable of examining large numbers of cells in a timely and cost-effective
manner. We present a set of methods for single cell whole genome and transcriptome
amplification that provide high accuracy and sensitivity and readily scale to allow analysis of
thousands of cells. Using these methods, we present applications to cancer and developmental
biology and demonstrate that biological insights can be revealed by measuring noise within a
homogenous population.
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1. Introduction
Heterogeneity is a common feature of biological systems and occurs across many scales.
Multicellular organisms are comprised of distinct tissues, each performing specialized functions
necessary for the survival of the organism. In turn, each tissue is made up of a variety of cell
types with distinct roles. Often, multiple cell types are arranged in specific morphological
structures, and the niche that a particular cell occupies in such structures can influence its role.
At the molecular level, even cells of the same type differ may differ in numerous ways,
including gene expression levels, genomic mutations and ploidy levels, chromatin structure,
epigenetic modifications, and subcellular localization of biomolecules. Although some of these
sources of heterogeneity have only recently been appreciated, the existence of others—such as
the existence of distinct cell types in a tissue—has been well known for centuries.
Despite these sources of heterogeneity, most molecular biology experiments to date
have been concerned with average properties of bulk samples. A major reason for this are the
technical difficulties associated with probing individual cells. For instance, many biochemical
assays require thousands to millions of cells worth of starting material. Furthermore, methods
that are capable of probing single cells often incur more measurement noise than bulk
experiments, complicating interpretation. Finally, in order to understand the extent and effects
of heterogeneity, it is necessary to probe many single cells. Depending on the desired
measurement, this can potentially be far more costly and labor-intensive than performing a
single bulk measurement.
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In contrast to biochemical assays, imaging methods have long been capable of resolving
single cells. For example, histological staining methods combined with light microscopes in the
19th century provided an early understanding of the diversity of cell types and structures in the
nervous system [1]. More recent fluorescence imaging methods now routinely provide
exquisite detail about the distributions of biomolecules across cells, over time, or spatially
within individual cells. Individual proteins can be imaged by fusion to fluorescent proteins or
hybridization of fluorescently labeled antibodies. Meanwhile, nucleic acids can be detected by
fluorescence in situ hybridization (FISH) of labeled oligonucleotide probes. Although
multiplexing can be achieved using different colored probes, these techniques have typically
been limited to studying a few proteins or mRNA species simultaneously. Although in the past
few years considerable progress has been made in simultaneously measuring hundreds of
targets, these methods cannot currently be used to study the entire transcriptome or
proteome.
Over the past decade, high throughput sequencing has revolutionized the way many
biological experiments are designed and conducted. In these assays, it is typical to sequence
millions or billions of individual DNA fragments. As a result, while most classical assays were
limited to studying a few genes at a time, it is now possible to study the entire genome or
transcriptome at once. Since the original human genome was sequenced in 2003, the price of
sequencing has fallen roughly 105-fold. It is now feasible for an ordinary lab to routinely
conduct high throughput sequencing experiments. Due to the increased throughput and falling
costs, experiments are increasingly being designed to discover new features or patterns as
opposed to testing an existing hypothesis about a specific gene.
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Single cell sequencing is emerging as a powerful method to study the heterogeneity
inherent in biological systems. Current high throughput sequencing technologies require large
amounts of DNA as input, equivalent to thousands or millions of cells. The primary challenge in
sequencing single cells is thus to amplify the small amount of starting material. This process
may introduce artifacts and biases, which single cell amplification techniques seek to minimize.
Additionally, studying heterogeneity requires examining many individual cells. Amplification
methods must therefore be parallelizable to large numbers of cells. The development of such
methods and their applications will be the subject of this thesis.

1.1 Single cell whole genome sequencing
Although cells from the same individual are generally regarded as having the same
genome, there are many ways in which genetic heterogeneity may arise. Mutations can
accumulate over time due to DNA damage or errors during replication. Such events lead to
cells with increasingly distant lineages having increasingly divergent genomes, and can often
affect the expression levels of individual genes or affect the function of their proteins. Aside
from erroneous mutations, a variety of cell types undergo programmed changes to their
genomes that are critical to their functional roles.
DNA damage occurs frequently by a wide variety of mechanisms, including oxidation,
exposure to chemical mutagens or radiation, and single or double strand breaks. Tens of
thousands of these events occur per cell each day [2]. While the vast majority are repaired,
occasionally these events result in lasting mutations.
Mutations fall into a variety of classes, with certain mechanisms of damage more likely
to give rise to certain types of mutations. At one end of the spectrum are single nucleotide
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variations (SNVs), in which the nucleotide at a single position is substituted for another. These
can result from damage to a particular base or simply errors by the polymerase during
replication. Other common mutations are small insertions and deletions (indels) consisting of
one to hundreds of nucleotides being erroneously added or removed. These can result from
slippage of the polymerase during replication or repair of double strand breaks. Large scale
genomic alterations occur as well. Entire chromosomes may be gained or lost, large fragments
up to tens of megabases may be lost or erroneously joined to different chromosomes, or the
entire ploidy of the cell may be changed. Such changes can occur during double strand break
repair, missegregation during mitosis, or a complete failure of cytokinesis.
As cells divide, mutations accumulate due to damage or replicative errors, resulting in
cells with more distant lineages having increasingly divergent genomes. Studying mutations in
the genomes of single cells can thus shed light on the developmental lineages of different
tissues or cell types within an organism. For example, such approaches have been used to
understand at what stage in the embryo cells become fated to give rise to specific tissues or cell
types, either by studying naturally arising mutations across the genome [3, 4], or inducing
mutations in specific regions [5, 6].
Cancer is another system for which single cell analyses can provide valuable insights.
Tumors are generally observed to consist of several clonal populations with differing genomes
[7-10], and the development of the tumor is understood to be a process of Darwinian evolution
with cells competing for limited resources to grow and metastasize. As with development, the
lineage relationships of cells within a tumor is an area of active study that can potentially be
addressed by single cell sequencing. Tumorigenesis is often understood in evolutionary terms,
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with multiple clonal populations competing for limited resources to proliferate. An
understanding of the lineage relationships of clones within a tumor may help identify genes
that are key to growth and metastasis. Aside from their lineage, the genomic diversity of clones
within a tumor is important in its own right. Clonal populations do not necessarily grow
independently but rather may interact symbiotically. Furthermore, rare subpopulations are a
potential source of drug resistance [11]. Successful treatment will thus require an
understanding of which mutations drive growth and metastasis as well as the clonal
composition of the tumor.
In addition to spontaneous mutations that accumulate over the lifespan of an individual,
there are numerous instances in which cells undergo programmed alterations of their genomes.
One well-known example is meiosis, in which a diploid cell divides into multiple haploid cells.
During this process, crossovers occur between homologous chromosomes. This creates new
chromosomes which contain a mixture of the genetic material from both parents and increases
the diversity of the genetic pool available for evolutionary selection. As each resulting gamete
has a unique genome, single cell sequencing is a natural technique to study the recombination
process, as well as for reproductive medicine in which it is desirable to eliminate gametes
carrying disease alleles [12].
Another frequently studied instance of genomic alteration is V(D)J recombination in the
immune system. In developing lymphocytes, this process alters the genomic loci coding for the
immunoglobulin chains, leading to mature T cells and B cells that express different antibodies.
The diversity generated by this process—as well as the selective effects of infections—has been
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studied extensively either by sequencing the genomes or transcriptomes of single immune cells
[13, 14].
Finally, there are several instances in which specific cell types are known to become
polyploid, having more than two copies of each chromosome. For example, cells in the heart
and muscles undergo fusion to form tetraploid cells, and megakaryocytes—cells in the bone
marrow which fragment to produce platelets—are highly polyploid, having up to 64 copies of
the genome. Although not fully understood, correlations have been observed between the
ploidy of these cells and the volume of the platelets they produce [15-17]. A large fraction of
liver cells are observed to be polyploid or aneuploidy as well, and their number and average
ploidy levels increase with age. Unlike most instances of polyploidy, these cells are not
terminally differentiated and can undergo divisions to regenerate damaged tissue [18]. It is
hypothesized that the genetic heterogeneity of the liver renders certain subpopulations of cells
better able to withstand environmental toxins that the organ is continually exposed to.

1.2 Single cell transcriptome sequencing
Although genomic heterogeneity is found in a number of important biological systems,
heterogeneity of gene expression is a universal phenomenon. The expression level of a gene is
determined by many events involving transcription factors, RNA polymerases, and ribosomes
regulating transcription and translation, as well as a number of enzymes regulating RNA and
protein degradation. Each of these events is inherently stochastic. For this reason, no two cells
will have the same expression level of each gene. Many transcripts exist at fewer than 10
copies per cell, and so the effects of these stochastic fluctuations can be quite significant.
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At many stages in the development of an organism, a seemingly homogenous
population of cells must differentiate into distinct cell types. In these cases, stochastic
fluctuations may play a role in a determining the fate of individual cells. Indeed, advances in
single cell transcriptome sequencing in recent years are revealing the mechanisms stochastic
fluctuations can influence cell fate decisions [19].
A central goal of molecular biology is to uncover the regulatory relationships among
genes that govern their expression. As will be discussed in depth, measurements of stochastic
gene expression can significantly aid in this pursuit. When the expression of a particular gene is
perturbed in some way, any genes that it regulates will also be perturbed. As such, a common
method of demonstrating a regulatory relationship has been to knock down or overexpress a
particular gene and measure its effect on suspected targets. In the era of high throughput
sequencing, these experiments often take the form of transcriptome-wide measurements to
discover genes that change significantly. One approach to perturb many genes in
simultaneously has been to subject cells to environmental perturbations such as temperature
or nutrient shocks [20-35]. More recently, genome editing with CRISPR has been employed to
conduct hundreds of perturbations in parallel [36-39].
Stochastic fluctuations provide an alternative source of perturbations that is intrinsic to
all genes. In contrast, the above perturbations must be induced manually, often requiring
significant investments of labor. Moreover, stochastic fluctuations potentially more finely
detailed information about regulatory relationships. Targeted knockdown of a specific gene,
for example, will result in corresponding expression changes of all downstream genes. In
contrast, the effects of stochastic fluctuations on downstream genes is more limited because
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any intermediary genes introduce their own sources of fluctuations and time delays. As a
result, correlations of stochastic fluctuations among genes are likely to be evidence of more
direct regulatory relationships.
Finally, cells within an organism or tissue perform a variety of specialized functions, and
as a result gene expression levels from cell to cell vary significantly beyond the level of
stochastic fluctuations. Cells have long been classified into distinct types based on morphology
or staining characteristics. With the growing popularity of single cell transcriptome sequencing
methods, these classifications are increasingly being understood in terms of transcriptomewide gene expression patterns, and previously unknown classifications are being discovered
[40-45]. Recent advances in microfluidic technology have allowed tens or hundreds of
thousands of single cells to be sequenced in a cost-effective manner [46, 47]. This has opened
up the possibility of exhaustively sampling all cell types within a sample, and international
collaborations are underway to catalog all cell types in the human body.

1.3 Technical considerations for single cell sequencing
High throughput sequencing instruments require a substantial amount of DNA,
amounting to thousands to millions of cells. Consequently, probing single cells by sequencing
first requires amplification. This amplification process can introduce numerous errors and
artifacts, which must be understood and minimized as much as possible. Depending on the
biological question being addressed, different sources of errors will warrant greater attention.
A primary concern in both single cell genome and transcription amplification is
amplification noise. In most applications, it is desirable to know how many copies of a
particular sequence were present in the original sample. In the context of genome sequencing,
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this would correspond to identifying copy number variations (CNVs) or the frequency of a
particular SNV, while for transcriptome sequencing, the expression level each gene is usually
the primary quantity being measured. It is therefore desirable that amplification methods are
uniform and do not amplify particular molecules more than others.
Another principal concern is the sensitivity of amplification methods. At the genome
level, cells typically have only a single copy of each allele, while transcripts of many genes
number fewer than ten copies per cell. It is therefore imperative that any amplification method
have high sensitivity and avoid loss.
Cost and labor are often limiting factors in deciding the scale of a single cell sequencing
project. In some cases, single cell sequencing is chosen simply because larger samples are
unavailable. However, if the aim is to study a heterogeneous system, then many cells need to
be sampled. Although a full human genome currently costs close to $1000, many types of
analysis are possible with far less data. Identifying large-scale CNVs or studying cell types by
transcriptome-wide gene expression levels require less than $1 per cell in sequencing costs. In
such cases, the scale of the project is limited not by the cost of sequencing, but rather by the
cost and effort involved in amplifying single cells and preparing them for sequencing, which can
cost as much as $50 per cell by some methods. It is therefore imperative that single cell
amplification methods be designed in a way that minimizes reagent costs and allows many
samples to be processed in parallel.
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2 Single cell whole genome amplification
A number of biological systems experience genomic alterations. These range from
mutations naturally accumulated over time to programmed alterations in specific cell types that
serve a specific functional purpose. These alterations vary from cell to cell in a population and
cannot be adequately studied by bulk sequencing methods. In other instances, including many
medicinal applications, the material available is simply too small for conventional sequencing.
In all these cases, whole genome amplification (WGA) methods are desirable. However, WGA
methods are potentially subject to a number of artifacts that can hinder downstream analysis,
and it is important to design WGA methods to mitigate these artifacts.
During amplification, certain regions of the genome may be amplified more than others.
Regions that are not sufficiently amplified will not be detected by sequencing, resulting in allele
dropout (ADO). As a result, a heterogeneous single nucleotide variation (SNV) might not be
identified, or might be incorrectly identified as being homozygous.
Another potential source of artifacts that can hinder SNV identification are errors made
by the polymerase during amplification. In bulk experiments, occasional errors by the
sequencer occur but can be distinguished from true SNVs because they appear in only a small
fraction of the reads. In contrast, errors during amplification—which may also be randomly
over-amplified to account for a significant fraction of the reads—can be indistinguishable from
true SNVs.
Attempts to identify copy number variations (CNVs) will also be affected by
amplification artifacts, particularly uneven amplification, as these methods rely on comparing
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sequencing coverage across regions of the genome. In some cases, certain regions will be
consistently over- or under-amplified due to sequence-specific biases such as GC content. Such
effects can often be accounted for when identifying CNVs. However, WGA methods are also
prone to random amplification noise that varies from sample to sample. This noise limits the
accuracy with which CNVs can be identified and should be minimized.
A number of methods have been developed for WGA. Depending on the mechanism
used for amplification, some of these methods suffer from different artifacts and to different
extents. For instance, the type of polymerase used for amplification will affect the number of
errors that are induced, which limits the SNV detection. Methods that rely more heavily on
random priming and exponential amplification tend to have more uneven amplification, as
sequence-specific amplification biases are magnified exponentially to result in dramatically
different total amplification.
One existing WGA method—degenerate oligonucleotide-primed polymerase chain
reaction (DOP-PCR)—relies on random priming using degenerate primers containing a fixed
sequence at the 5’ end and a random six nucleotide sequence at the 3’ end. After random
priming, amplification is performed by PCR using a primer targeting the fixed 5’ sequence. The
random priming is not comprehensive. With a ~75% ADO, it is unsuitable for analysis of point
mutations. However, the use of a common primer for the subsequent amplification eliminates
much of the sequence-specific bias, and this technique results in relatively uniform
amplification across the genome making it well suited for detection of CNVs [1].
Another WGA method—multiple displacement amplification (MDA)—relies entirely on
repeated random priming under isothermal conditions [2]. While MDA achieves higher
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coverage (~30% ADO), amplification is very uneven across large regions, inhibiting identification
of CNVs [1].

2.1 Multiple Annealing and Looping Based Amplification Cycles
(MALBAC)
To overcome the limitations of prior WGA methods, our lab sought to develop a new
method that could provide both high coverage and uniformity. This technique—Multiple
Annealing and Looping Based Amplification Cycles (MALBAC)—relies on quasi-linear
amplification to provide more even amplification uniformity than previous methods [3].
MALBAC relies on multiple cycles of random priming using primers with a common 27
nucleotide sequence followed by a short sequence of random nucleotides (Figure 2.1). The
primers and genomic DNA are incubated at 4°C and the solution is gradually raised to 65°C in a
series of temperature steps to ensure uniform annealing across the genome. Extension by the
polymerase generates semiamplicons with the common priming sequence on one end.
Another cycle of random priming of the semiamplicons generates full amplicons with the
common sequence on both ends. These common sequences form a loop and inhibit further
amplification during subsequent cycles of random priming, resulting in quasi-linear
amplification of the template DNA. After several cycles of linear amplification, PCR is used to
generate enough product for sequencing.
By utilizing several cycles of random priming during a linear preamplification, this
method achieves high coverage (~21% ADO) that is also uniform at large scales and suitable for
CNV detection (Figure 2.2Figure 2.1). We used Lorenz curves to evaluate the uniformity of
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coverage along the genome. We plotted the cumulative fraction of the total reads that cover a
given cumulative fraction of genome (Figure 2.3A). The diagonal line indicates a perfectly
uniform distribution of reads, and deviation from the diagonal line indicates an uneven
distribution of reads. We compared the Lorenz curves for bulk sequencing, MALBAC, and MDA
at ~25x mean sequencing depth (Figure 2.3B). It is evident that MALBAC outperforms MDA in
uniformity of genome coverage. We also plotted the power spectrum of read density variations
to show the spatial scale at which the variations take place. For MDA, large amplitudes at low
frequencies (inverse genome distance) were observed, indicating that large contiguous regions
of the genome are over- or under-amplified. In contrast, MALBAC has a power spectrum similar
to that of the unamplified bulk.
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Figure 2.1 Principle of MALBAC, in which multiple cycles of random annealing and extension are performed using a
random primer with a fixed 5’ end. Looping of amplicons prevents further annealing and provides a linear
preamplification prior to PCR.

17

Figure 2.2 Identification of CNVs using MALBAC. Although MALBAC provides less uniform coverage than bulk
sequencing, it is well suited for identifying large CNVs which would be undetected by MDA.

Figure 2.3 Lorenz curves of MALBAC, MDA, and the bulk sample. A Lorenz curve gives the cumulative fraction of
reads as a function of the cumulative fraction of genome. Perfectly uniform coverage would result in a diagonal
line, and a large deviation from the diagonal is indicative of biased coverage. The blue and green arrows indicate
the uncovered fractions of the genome for MALBAC and MDA, respectively. All samples are sequenced at 25x depth.
(C) Power spectrum of read density throughout the genome (as a function of spatial frequency). MALBAC performs
similarly to bulk, whereas the MDA spectrum shows high amplitude at low frequency, demonstrating that regions
of several megabases suffer from under- and overamplification.
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2.2 Identification of copy number variations
Although MALBAC provides more uniform amplification than methods such as MDA,
there is still considerable amplification bias compared to bulk sequencing (Figure 2.2). For this
reason, standard methods for identifying CNVs on bulk data cannot be applied to single cell
data, and it was necessary to develop algorithms for identifying CNVs that were robust to the
noise present in single cell sequencing data.
Single cell coverage data was binned into 200kb regions, and a two-step process was
used to determine CNVs. Sequencing data provides no information about the absolute ploidy
level of the sample. That is, haploid, diploid, or tetraploid cells would be exhibit largely similar
coverage patterns. Consequently, we first used a hidden Markov model (HMM) to determine
likely diploid regions by comparing the coverage normalized by total reads to a MALBACamplified normal blood cell. The emissions are a binary vector indicating whether the cancer
single cell had higher coverage than the normal cell. The model contains three states
corresponding to one, two, or three copies. Such a model assumes that the sample is
predominantly diploid.
The model was parameterized by two constants 𝑎 = 10−2 and 𝑏 = 10−1
corresponding to the rate per bin in which abnormal copy numbers are expected to begin and
end, respectively. The diploid probability is then 𝑝𝑑 = 𝑏/(𝑎 + 𝑏). We take the prior
probabilities to be: [(1 − 𝑝𝑑 )/2, 𝑝𝑑 , (1 − 𝑝𝑑 )/2].
The transition matrix is taken to be:
1−𝑏
( 𝑏
0

𝑎/2
1−𝑎
𝑎/2
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0
𝑏 )
1−𝑏

For a state with copy number s, the probability of observing more reads in the cancer
cell is calculated as 𝑝(𝑋1 ∗ 𝑠/2 > 𝑋0 ), where 𝑋1 and 𝑋0 are random variables distributed
according the observed distribution of coverage in the normal cell. The Viterbi algorithm is used
to calculate a most likely state path. This provided a normalization factor for the coverage so
that regions determined to be diploid would have a mean coverage of 2.
The second step of the algorithm for CNV identification aims to more precisely identify
variations over a wider range of copy numbers. Six hidden states are allowed, corresponding to
0 to N = 5 copies, and the emissions are the normalized coverage.
The emission probabilities for the two copy state are assumed to follow the distribution
observed in the diploid regions determined in the previous step, denoted by 𝑝2 . The emission
probabilities p1 for the single copy state should satisfy 𝑝2 = 𝑝1 ∗ 𝑝1 , where ∗ denotes
convolution. This relationship is readily inverted by taking the square root in Fourier space.
Once 𝑝1 is obtained, emission probabilities for higher copy states can be determined from the
relation 𝑝𝑛 = 𝑝𝑛−1 ∗ 𝑝1 .
A transition matrix similar to the previous step is used in which all transitions to an
abnormal copy number state had probability a/N, and transitions from an abnormal state to the
diploid state had probability b.
The Viterbi algorithm is again used to determine the most likely state path. The regions
determined to be diploid could then be used to provide an updated normalization factor used
to repeat this step. A small number of iterations (< 5) generally provide sufficient convergence.
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2.3 Identification of single nucleotide variations
Accurate SNV detection in single cells proves to be more challenging than large CNVs.
One challenge is potential contamination from the environment and the operators, given
picograms of DNA from a single human cell. To mitigate this, special precautions were taken to
decontaminate reagents and labware with ultraviolet radiation before each experiment was
conducted in a restricted clean room. An alternative approach to reduce contamination is
microfluidics [4].
A second challenge for identifying SNVs in single cell data is poor detection efficiency
due to uneven amplification. If bulk sequencing data is available, the magnitude of this effect
can be estimated by comparing the number of single nucleotide polymorphisms (SNPs) in the
bulk data to the number detected in a single cell dataset. In our case, MALBAC allowed us to
identify 2.2 × 106 single-cell SNPs compared with 2.8 × 106 detected SNVs in bulk, yielding a
76% detection efficiency, in contrast to 41% for MDA.
The largest challenge for SNV identification is errors made by the polymerase during
amplification. Errors made during early rounds of amplification will be replicated and may
account for a large fraction of the total reads at a particular genomic locus. For our data
generated by MALBAC, 1.1 × 105 SNVs were identified in a single cell that were not present in
the bulk. We regard the vast majority of these as false positives, indicating a false positive rate
of 4 × 10−5 . In order to eliminate these false positives, we set out to sequence multiple
kindred cells derived from a single cell. If amplification errors occur independently in each cell,
then the probability of an error occurring in two cells is (4 × 10−5 )2 = 1.6 × 10−9 , and the
probability for three cells is (4 × 10−5 )3 = 6.4 × 10−14 . With 3 × 109 bases in the human
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genome, it is highly unlikely that an error would independently occur in three cells. Although
errors are not completely independent between cells due to sequence-specific effects, we
demonstrated that three cells are sufficient to identify SNVs with no false positives by validating
additional cells by Sanger sequencing.
To gain insight into the mutation process in the cancer cells, we clonally expanded a
single ancestor cell picked from a heterogeneous population of the SW480 cancer cell line for
20 generations (Figure 2.4A). We extracted DNA from this single-cell clonal expansion for bulk
sequencing, which reflects the genome of the ancestor cell. We then picked a single cell from
this clone. To detect SNVs acquired by the cell during expansion, we grew another four
generations to obtain the kindred cells denoted C1 to C16. We individually sequenced three
kindred cells—C1, C2, and C3—after MALBAC amplification and detected 35 unique SNVs
(Figure 2.4B). We took 24 out of 35 unique SNVs for which we could readily design PCR primers
and confirmed that they are neither false positives by Sanger sequencing C4 to C6 nor false
negatives by Sanger sequencing the bulk. As an example, Figure 2.4C and D show the MALBAC
and Sanger sequencing result of one such SNV. These 35 unique SNVs are newly acquired
during the 20 cell divisions. Adjusting for a detection efficiency of 72% for heterozygous SNVs,
we estimate that ~49 mutations occurred in the 20 generations, yielding a mutation rate of ~2.5
nucleotides per cell generation, consistent with our estimation based on the bulk data (see
supplementary materials). The mutation rate of this cancer cell line is about 10 times as high as
the mutation rate estimated based on germline studies [5-7].
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Figure 2.4 Identifying newly acquired SNVs and estimation of mutation rate of a cancer cell line (SW480). (A)
Experiment design. A single ancestor cell is chosen and cultured for ~20 generations. The vast majority of cells are
used to extract DNA for bulk sequencing to represent the ancestor cell’s genome. A single cell from this culture is
chosen for another expansion of four generations. The kindred cells are isolated for single-cell whole-genome
amplification. Single-cell samples C1, C2, and C3 are used for high-throughput sequencing. Samples C4, C5, and C6
are used for verifying SNVs with Sanger sequencing. (B) Locations of the 35 newly acquired SNVs on the
chromosomes of a single cell (see supplementary materials). (C) Next-generation sequencing data of a newly
acquired SNV. The SNV (C→G) exists in the high-throughput data of all three kindred cells but not in the bulk data.
(D) Sanger sequencing data of single cells C4, C5, and C6 confirm that this SNV is not a false positive, whereas the
Sanger sequencing of the bulk confirms that this SNV is not a false negative of next-generation sequencing of the
bulk (i.e., this SNV is indeed absent in the bulk).

2.4

Pitfalls of SNV identification

As previously discussed, SNV detection is potentially confounded by a number of
artifacts. Shortly before our publication of MALBAC, a pair of studies were reported that used
single cell amplification by MDA to examine heterogeneity in tumor samples [8, 9]. These
studies purported to find hundreds of single nucleotide variations (SNVs) which differ from cell
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to cell, revealing the genetic complexity of these tumors, and applied population genetic
analysis to study their clonal composition. Our independent analysis of these data indicates that
the vast majority of these SNVs are due to contamination or sequencing artifacts, and only a
handful, if any, may be attributed to true heterogeneity of the tumor sample. These studies
provide an instructive example of the pitfalls that can arise in interpretation of single cell data,
particularly in regard to SNV detection.
In one study, Hou et al [8] first verified their technique by sequencing two single cells
from a previously sequenced healthy individual and comparing to a multicell sample from the
same individual (Table 2.1). They then performed exome sequencing of 82 single cells from a
JAK2-negative myeloproliferative neoplasm and 8 single cells from normal oral mucosal
epithelium of the same patient. Additionally, multicell exome sequencing of normal and cancer
tissues was performed. In a related study using the same technique, Xu et al [9] performed
exome sequencing of 20 single cells from a clear cell renal cell carcinoma (ccRCC) and 5 single
cells from adjacent normal kidney tissue. Multicell normal and cancer exome sequencing were
also performed.
Sample
YH-Control
YH-1, YH-2
LN-T1
LN-X
LC-T1
LC-X
RN-T
RN-X
RC-T
RC-X

Study
Hou et al
Hou et al
Hou et al
Hou et al
Hou et al
Hou et al
Xu et al
Xu et al
Xu et al
Xu et al

Description
Multicell sample from healthy individual
Single cells from healthy individual
Normal oral mucosal epithelium from ET patient
8 normal oral single cells from ET patient
Multicell cancer sample from bone marrow of ET patient
82 single cancer cells from ET patient
Normal kidney tissue from ccRCC patient
5 normal single cells from kidney tissue of ccRCC patient
Cancerous kidney tissue from ccRCC patient
20 single cancer cells from kidney tissue of ccRCC patient

Table 2.1 Summary of samples studied by Hou et al and Xu et al
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Although the papers by Hou et al and Xu et al attempt to quantify the effect of technical
artifacts such as uneven coverage, amplifications errors, and allele dropout, they make no
mention of the impact contamination might have on their results. Unlike bulk sequencing, in
which contamination can often be neglected, amplification from single cells can be highly
affected by even low levels of contamination. There are two reasons for this. First, bulk
experiments contain far more starting DNA, and so contamination is lower as a fraction of total
DNA. Second, even equivalent fractional levels of contamination have dramatically different
effects on single cell experiments. A single diploid human cell contains 3 pg of DNA. If 3 fg of
foreign human DNA is present as contamination prior to amplification, this represents only
0.1% of the genome and is slightly less than the amount of DNA present in a single E. coli cell.
As two unrelated human genomes are expected to differ at 1,000,000 locations, this
contamination will contain mutations at 1,000 locations. Before amplification, these mutations
will be present at one copy compared to the two normal copies from the single cell. In principle,
one could distinguish a true mutant from a contaminant by whether it is present in one third or
one half of the reads, but biases in amplification and low sequencing coverage, among other
factors, make this impossible. In practice, the contaminant is indistinguishable from a true
mutant. In contrast, a level of 0.1% contamination distributed evenly throughout the genome in
bulk sequencing would result in the mutant being present at one copy for every 1000 copies of
DNA. Even sequencing at 1000x depth would result in only a single mutant read at a particular
location, which is below the sequencing error rate of most platforms and would never be called
as an SNV. As a result, contamination in single cell experiments can result in hundreds or
thousands of false SNVs even when a similar level of contamination would be unnoticeable in a
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bulk sample. Negative controls are insufficient to rule out the presence of contamination, as
levels lower than that of a single microbe can corrupt an experiment, and it is known that
special care must be taken to eliminate microbial DNA from single cell experiments [4].
2.4.1 Single cell studies are highly susceptible to contamination
Hou et al report 771 SNVs in the exomes of single cancer cells that are not present in the
matching normal tissue. We find that 412 of these are in fact present in the normal tissue
sample LN-T1 (Figure 2.5). We define an SNV as being present if it is observed in at least 5% of
the reads at that position. Although a simple allele ratio test such as this is insufficient for
genome wide variant detection, it is suitable for testing for the presence of a small set of
suspected SNVs. In some cases these were likely not called due to low coverage, while in
others the normal tissue was called as a homozygous mutant while the cancer samples were
called as heterozygous. Although Hou et al performed PCR and Sanger sequencing to verify a
random subset of SNVs, only the cancer cells were verified; the normal tissue was not Sanger
sequenced to verify that it did not contain the SNVs.
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Figure 2.5 Breakdown of SNVs identified by (a) Hou et al and (b) Xu et al based on whether they appear in dbSNP,
appear in other unrelated samples, do not have a sufficient allele ratio (>15%) in any sample, or are likely true
SNVs. For Hou et al, “unrelated samples” refer to any of the samples studied by Xu et al, YH-Control, YH-1, YH-2, LNT1, or LN-X (Table 2.1). For Xu et al, “unrelated samples” refer to any of the samples studied by Hou et al, RN-T, or
RN-X.

We next compare the remaining SNVs to dbSNP, a list of mutations known to occur in
the human population. As these remaining 412 SNVs are expected to have arisen from random
mutations within the tumor, it would be highly unexpected if a significant number of them
happen to coincide with mutations known to be present in the general population.
Contaminants due to foreign human DNA, on the other hand, would be expected to contain
mutations found in dbSNP. We find that 240 of the 412 SNVs are present in dbSNP and are
likely to be contamination. In contrast, only 7.3% of all cancer-specific SNVs identified by a
recent bulk sequencing study [10] were found in dbSNP. In addition to new mutations that
happen to coincide with dbSNP, this 7.3% would also include any SNVs that were present in
normal tissue but not adequately filtered.
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dbSNP is not a complete catalog of all mutations occurring in the population, and it is
likely that some contaminants will contain mutations not found in dbSNP. Indeed, recent work
indicates that individuals carry many SNVs that are rare in the general population [11, 12]. To
account for these, we asked whether the remaining SNVs were also present in the non-cancer
samples of the study by Hou et al or any of the samples studied by Xu et al. Of the172 SNVs not
found in dbSNP, only 28 were not observed in other unrelated samples (Figure 2.5). We note
that these may not all be due to contamination but could also be the result of mapping errors
which can occur in many unrelated samples. For instance, many of these SNVs occurred in
regions that had a high fraction of reads with low mapping quality. The vast majority of the
SNVs that were found in dbSNP (221/240) were also observed in unrelated samples, providing
further indication that these are likely contamination or possibly common sequencing artifacts
that have been misreported to dbSNP.
An additional 11 SNVs do not have a significant allele ratio (>15%) in any sample and are
likely sequencing or mapping errors. We characterize the remaining 17 SNVs (2.4%) as likely
true SNVs. In contrast, for a set of randomly generated SNVs, 95% were not filtered out,
indicating that these requirements are not overly stringent.
We performed the same analysis for the SNVs reported in the study by Xu et al. Of the
229 SNVs reported, 53 are observed in normal tissue, 18 are present in dbSNP, 58 are present
in unrelated samples (non-cancer samples or any samples studied by Hou et al), and 5 occur
with low allele ratios, leaving 95 potential SNVs. These appear to be true SNVs that are present
in the tumor cells but not in normal tissue.
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2.4.2 Tumor heterogeneity vs allele dropout
During amplification from low starting amounts of DNA, one allele of a heterozygous
locus might be overamplified relative to the other allele. This locus will then appear as either a
homozygous mutant or homozygous wild type, a phenomenon known as allele dropout.
Additionally, uneven coverage can result in an SNV not being called simply due to low coverage.
Many of the likely SNVs identified by Xu et al do not appear in every cell. Here, we consider
whether these SNVs are truly not present in some cells—indicating tumor heterogeneity—or
whether these SNVs are simply not detected due to allele dropout.
For each of the 95 likely SNVs identified by Xu et al, we calculate the fraction of cells
that contain the mutation out of all single cancer cells with at least 10 reads of coverage (Figure
2.6). Most SNVs are present in all or nearly all of these cells. For comparison, we identify SNVs
in the normal tissue and calculate the frequency with which they are present in the single
cancer cells. As these normal SNVs should also be present in the single cancer cells, this gives an
estimate of how often an SNV will not appear due to allele dropout or other technical artifacts.
We find that the same apparent heterogeneity seen in the cancer-specific SNVs is also present
in the normal tissue SNVs. Because copy number variations may cause some normal SNVs to
not be present in single cancer cells, we also calculate the SNV homogeneity in normal single
cells and observe a similar distribution. Overall, the heterogeneity observed for cancer-specific
SNVs is consistent with the heterogeneity observed for the SNVs which are present in normal
tissue, and we conclude that this apparent heterogeneity is an artifact of the allele dropout rate
and does not represent true biological variability. The smaller number of SNVs identified by
Hou et al prevents a similar statistical analysis.
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Figure 2.6 No tumor heterogeneity is observed for cancer-specific SNVs identified by Xu et al. Blue bars: histogram
of the homogeneity of cancer-specific SNVs (i.e. the fraction of single cancer cells in which each SNV is observed).
For all SNVs found in normal tissue, the corresponding distributions are shown for homogeneity in cancer single
cells (red line) or normal single cells (gray line). Normal tissue SNVs should be present in all single cells, but are not
always observed due to amplification bias (allele dropout). SNVs identified by Xu et al are not more heterogeneous
than would be expected due to allele dropout alone.

2.5 Recombination hotspots in meiosis
As one initial application, we used MALBAC to study recombination during meiosis [13].
Recombination serves to increase diversity of the genetic pool on which evolution acts, and is
essential for proper segregation of homologous chromosomes during meiosis [14]. Populationlevel studies have revealed that recombination events do not occur completely at random, but
instead are more likely to occur in certain regions of the genome [15-17]. However, it remains
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unknown whether these recombination hotspots vary from individual to individual, or whether
they are the result of evolutionary selection or of a molecular mechanism that preferentially
targets certain regions for recombination.
To address these questions, we sequenced 99 single sperm cells from a human donor
(Figure 2.7). Locations of crossover events could be determined by observing the switch from
maternal SNPs on one side of the junction to paternal SNPs on the other.

Figure 2.7 Outline of study of meiotic recombination by single cell sequencing. Individual sperm cells are isolated
and amplified for sequencing. Genome phasing is inferred from sperm data and confirmed by bulk sequencing of
the donor’s parents. From phasing data, locations of recombination events are inferred and used for downstream
analysis.
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From the locations of recombination events observed in single sperm cells (Figure 2.8A),
we computed recombination rates as a function of position along each chromosome (Figure
2.8B). As had been observed in population studies, recombination events in our study did not
occur uniformly, but rather were more likely to occur at certain hot spots. These rates agree
well with the population-level deCODE study [17]—which was limited to males—but differ from
the HapMap study [15] which included both sexes.

32

Figure 2.8 Detection of meiotic recombination events. A) Identification crossover locations for one sperm cell based
on parental SNPs. B) Cumulative recombination rate relative to genome position for single sperm data and
population level studies. deCODE data includes only males, while HapMap includes both males and females

In contrast to another similarly-sized single cell study of recombination [18], we do not
believe that statistically significant personal hot spots can be observed with a study of this size.
Due to the scarcity of recombination events, far larger studies would be needed to have
statistical power to detect such personal hot spots (Figure 2.9). For example, a personal
hotspot could be detected by a 10,000 cell study if recombinations occurred in ~0.2% of cells in
a 1 Mb region (0.2 cM/Mb) and the population-level recombination rate was 0.1 cM/Mb. That
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is, a personalized hot spot could be detected if it the recombination rate was twice the
background rate. In contrast, a 100 cell study would require a recombination rate of ~3
cM/Mb, or 30 times the background rate.

Figure 2.9 Detecting personalized hotspots requires large numbers of cells. When sequencing fewer cells, a
personalized hotspot must be significantly more active than average in order to obtain statistical significance. This
effect is show for four different bin sizes.

Recombination events do not occur uniformly across the genome, and population-level
studies have also shown that these events occur less frequently near transcription start sites
(TSSs) than in surrounding regions of the genome. An outstanding question remained whether
this was due to negative selection. If recombination occurred near a TSS, the change in
sequence might inhibit the expression of the gene and have a negative impact on the fitness of
34

the offspring. By observing recombination events in sperm, we are likely eliminating such
selective pressures. Indeed, we observe that a decrease in recombination events near TSSs,
similar to the pattern observed in population studies (Figure 2.10). In a related study in
oocytes, we also observed a similar pattern [19]. These results indicate that there is a
molecular mechanism that limits recombination near TSSs.

Figure 2.10: Recombination events occur with low frequency near TSSs. Plots show the recombination rate as a
function of distance from the nearest TSS for population-level data (top), single sperm data (middle), and single
oocyte data (bottom).
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2.6 Circulating Tumor Cells
Another early application of MALBAC was to study mutations in circulating tumor cells
(CTCs) obtained from the blood of patients with metastatic lung cancers [20]. As a solid tumor
progresses, small numbers of cancer cells enter the blood stream, through which they can be
transported to other organs and metastasize. Because only a few CTCs can be obtained from a
blood sample, it is essential to use single cell methods to study these cells.
We observed that CTCs from a patient generally showed little heterogeneity at the level
of large copy number variations (Figure 2.11). Moreover, the metastatic tumor appeared
similar to the CTCs, consistent with the notion of a single population of CTCs seeding the
metastatic tumors. In contrast, the CTCs and metastatic tissue differed significantly from the
primary tumor, which was closer to diploid. This indicates that the clonal population with
metastatic ability makes up only a small fraction of the primary tumor.
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Figure 2.11 Copy number variations among CTCs of a lung cancer patient. CTCs are similar to each other and the
metastatic tumor, but significantly different from the primary tumor.
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3 Highly multiplexed detection of large copy number
variations
Our initial development of MALBAC provided an effective method for obtaining uniform
amplification from single cells with high detection sensitivity. This proved useful in several
subsequent studies involving limited numbers of cells [1-3]. However, many applications
demand surveying larger numbers of cells than is practical with this original protocol. As an
example, our study of recombination events in meiosis was unable to address the question of
whether there are personal recombination hotspots due to the limited number of cells
examined. Another heterogeneous system that has received much interest is cancer. Tumors
are known to consist of multiple populations with distinct genomes, and understanding the
clonal makeup of a tumor may be necessary to guide personalized treatment and avoid drug
resistance. Sequencing circulating tumor cells revealed that these cells likely originate from a
small population within the primary tumor. However, understanding the complex genomic
makeup of a tumor will require surveying thousands of cells.
With the cost of sequencing a full human genome near $1000, it is not currently feasible
to study thousands of single cells at this level of detail. However, other useful measurements
are substantially cheaper, costing less than $1 per cell in sequencing costs. These
measurements include identifying large copy number variations and recombination events. For
such measurements, the primary limitation of studying large numbers of single cells is the cost
and labor involved in individually amplifying the cells and preparing them for sequencing. A
number of technical aspects affect how readily an amplification method can be scaled to many
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cells, and it is necessary to design methods with these in mind. Methods not designed to be
parallelizable cost $50-$100 per cell. However, in this case of MALBAC this can be reduced to
less than $1 per cell, enabling thousands of cells to be processed routinely. Recent methods
have attempted to increase the throughput of single cell WGA but remain significantly more
expensive [4] or require custom microfluidic equipment with limited throughput [5].
The number of steps at which operator intervention is required should be limited, and
steps that cannot be easily parallelized should be avoided. For example, it is relatively simple to
add a volume of reagents to many samples by multichannel pipetting or robotics, but steps
such as purification by magnetic beads or spin columns are difficult to carry out on multiple
samples simultaneously.
A complementary approach to make amplification methods scalable is to design them in
a way that allows cells to be pooled together and handled as a single sample. This requires first
tagging cells in a way that can be read during sequencing to distinguish reads originating from
the different cells. In this approach, any steps prior to tagging need to be parallelizable, but
sequent steps can be more costly or labor intensive without hindering the overall scalability of
the method.
Finally, for a method to be scalable to large numbers of cells, it must be highly
reproducible. That is, it should successfully amplify the vast majority of samples and not be
overly sensitive to effects such as small differences in pipetting volumes, mixing efficiencies, or
timing that are likely to arise when processing many samples. It should not be necessary to
comprehensively perform quality control on individual cells and discard those that fail. Quality
control methods such as gel electrophoresis, BioAnalyzer®, Qubit®, or NanoDrop® are not
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readily parallelizable and often costly. Moreover, if a substantial fraction of samples must be
discarded, this further increases the cost and labor needed to obtain a desired number of
successful cells.

3.1 Multiplexed MALBAC
With the above considerations in mind, we set out to modify MALBAC to be
parallelizable to thousands of cells. This involved reducing the number of steps that require
operator intervention as well as incorporating a cell-specific tag during amplification so that
samples can be pooled and handled together during the final steps to prepare them for
sequencing.
A number of steps were eliminated from the previously described protocol. Originally,
the polymerase used during the pre-amplification cycles was not thermos-stable and needed to
be added manually after each cycle, significantly limiting the number of samples that can be
handled at once as well as increasing the cost per sample. Instead we were able to substitute
the thermostable polymerase DeepVent® (exo-). Further, we were able to combine the preamplification and PCR steps by including the common amplification primer in the preamplification reagents. The resulting protocol required limited handling and could amplify cells
for less than $1 in a single day.
The remaining challenge in processing large numbers of cells is the preparation of
libraries for sequencing. Typically, after amplification adapters must be added to the ends of
each molecule of DNA so that they can be read by the sequencer. Although a number of
methods exist to do this, they are cumbersome, cost $20-$50, and are not highly parallelizable.
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To eliminate the bottleneck posed by library preparation, we sought to incorporate a
cell-specific tag sequence into the amplification product of each cell Figure 3.1. It would then
be possible to combine all the samples together and perform library preparation a single time.
This can be achieved by using a different amplification primer for each cell. Both the primer
and genomic DNA would be sequenced, and the primer sequence would indicate which cell the
DNA originated from. Although such sample barcoding approaches are common in other
sequencing assays such as single cell transcriptomics, they have not been successfully applied
to single cell WGA. Because WGA methods rely on random priming, they are sensitive to the
sequence of the primer. Different primer sequences may anneal preferentially to different
regions of the genome, or may fail to anneal well at all.
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Figure 3.1 Multiplexed amplification by MALBAC. Modified MALBAC primers contain a cell-specific barcode are
used for preamplification. After amplification, an additional barcoded primer is added by PCR.

To minimize variations in primer annealing, we limited primers to differ by only six bases
out of 46 bases total, and screened a number of designs, settling on one that proved to be
robust to changes in the cell barcode sequence. To prevent cells from being misidentified due
to amplification or sequencing errors in the barcode region, we chose a set of 24 barcodes that
have a Hamming distance of at least three. To further increase the number of samples that can
be processed simultaneously, we added a second barcode by PCR after the initial amplification,
With 48 of these second barcodes, 24 × 48 = 1024. This second primer also contains the
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adapter sequence necessary for sequencing so that the barcodes will be read by sequencing
before the genomic sequence. An advantage of this design is that only instead of needing to
synthesize 1024 unique primers, the same number of cells can be processed with only 24 +
48 = 72 primers at a significant reduction in cost. The second barcode sequences vary in
length between four and seven bases to increase cluster diversity on Illumina sequencers as the
amplification primer sequences will be offset from one another in neighboring clusters. After
amplification, all that remains is to combine all the samples and add the sequencing adapter to
the other end of the DNA molecules.
To demonstrate the uniformity of amplification with this method, bulk DNA was isolated
from an SW480 cell culture and diluted into single cell amounts that were amplified using
different barcodes. Figure 3.2 shows the coverage profiles for 27 different first barcodes (later
reduced to 24). Different barcodes have similar coverage profiles, and copy number variations
are readily apparent beyond the level of amplification noise. Because bulk DNA was used
rather than single cells, any differences between samples are due to technical artifacts rather
than genomic differences between the samples.
In contrast to SNV detection, identifying large CNVs is possible with very low sequencing
depth. For the samples exhibited in Figure 3.2, an average of ~75,000 reads per samples were
sequenced, with half of the samples having between 50,000 and 100,000 reads. Grouping
reads into 1 megabase (Mb) bins, there are 40 reads per bin on average. Measurement error
due to sequencing depth follows a Poisson distribution, with a standard deviation of √40 ≈
6.3, or 16%. That is, the fraction of reads corresponding to a particular bin in a sample with
unlimited sequencing depth might be expected to differ by 16% from the fraction mapping to
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that bin if only 75,000 reads are sequenced. This is significantly smaller than the 50% deviation
associated with a copy number gain or loss in an otherwise diploid sample. Although higher
coverage would potentially permit smaller bin sizes, noise associated with amplification rather
than sequencing depth limits smaller CNV detection.
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Figure 3.2 Consistency of amplification across cell barcodes. Each sample was amplified with one of 27 (later
reduced to 24) cell-specific barcodes. Samples should similar coverage patterns, indicating limited bias associated
with cell barcode sequences.
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3.2 Heterogeneity of hepatocellular carcinoma
The rapidly falling cost of sequencing has given rise to the hope of personalized
medicine in which cancer therapy is targeted based on genomic mutations. However,
successfully doing so will likely require an understanding of the heterogeneous composition of
a tumor and the ways in which various populations interact.
Tumors frequently consist of several clonal populations with differing genomes [6-9].
These populations evolve as cells divide and compete for limited resources. The populations do
not necessarily grow independently but rather may interact symbiotically. Moreover, rare
subpopulations may possess properties that make them especially important targets for
treatment. For example, rare subpopulations are a potential source of drug resistance [10], and
certain subpopulations may grow more aggressively or be more likely to metastasize if
competing populations are eliminated by non-targeted therapies. Successful personalized
treatment will thus require an understanding of the clonal composition of the tumor combined
with knowledge of which mutations drive growth and metastasis. Despite this need, studies of
tumor heterogeneity have been limited to small numbers of single cells [11-13] or bulk
sequencing of different regions of a solid tumor [14].
Hepatocellular carcinoma (HCC) is the fifth most common cancer worldwide and the
most prevalent in parts of Asia and Africa [15]. Having developed a highly multiplexed method
for single cell WGA, we sought to characterize several forms of heterogeneity in HCC patients.
We aimed to study not only the extent of genomic heterogeneity present in tumors, but also to
understand whether it varies with spatial position in a tumor and how it relates to phenotypic
features of cancer cells Figure 3.3. For example, many tumors are believed to contain a
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subpopulation of cancer stem cells that are primarily responsible for proliferation and
metastasis.

Figure 3.3 Schematic of experimental design. Multiple biopsies are isolated from a liver tumor. Cells are
dissociated and isolated in 96 well plates by flow cytometry after staining for relevant biomarkers. Plates are later
amplified for sequencing.

As an initial trial, we sequenced ~500 cells from one patient. Samples were taken from
three regions of the tumor as well as one sample from the surrounding normal tissue. We used
CD44 and CD24 as relevant clinical markers that indicate poor prognosis [16-18]. Cells
remaining after flow sorting were used to isolate bulk DNA for sequencing.
3.2.1 Spatial heterogeneity revealed in bulk sequencing
At the level of bulk sequencing, the three regions of the tumor exhibited similar copy
number variations (Figure 3.4). CNVs were not present in the surrounding normal tissue.
Regions 2 and 3 were most similar, with region 1 having notable differences in copy number in
chromosomes 5, 8, and 11.
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Figure 3.4 Copy number profiles of tumor biopsies from bulk sequencing. Orange bars highlight regions that differ
across the different locations of the tumor.

3.2.2 Heterogeneity at the single cell level
At the single cell level, multiple populations were identifiable. While the majority of
cells had no detectable CNVs, a significant number of cells exhibited CNV profiles similar to the
bulk sequencing data (Figure 3.5). A handful of cells exhibited CNVs that were distinct from the
bulk profiles as well as other single cells. These cells are indicative of rare subpopulations that
would be masked by bulk sequencing.
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Figure 3.5 Copy number profiles of single cells. In addition to cells lacking CNVs (not displayed), the cells primarily
fell into two subpopulations resembling the bulk profiles of regions 1 or 2 (left and center columns). A handful of
cells exhibited unique CNV profiles that were not observed in other cells (right column).

From the flow cytometry readings, we were able to match the genomic profiles with
information about their phenotypic state as well as the region of the tumor from which they
originated. Regions 2 and 3 had similar compositions (Figure 3.6) consistent with their similar
bulk CNV profiles. Both regions had similar fractions of cells exhibiting CNVs and similar
fractions associated with various CD44/CD24 states. In contrast, cells in region 1 were more
three times more likely to contain CNVs and also more likely to have a CD44/CD24 state
associated with poor prognosis. Furthermore, we observed that the cells from rare
subpopulations with distinct CNV profiles also usually have CD44/CD24 markers associated with
poor prognosis, wheareas the dominant clonal populations are largely CD44-/CD24-.
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Figure 3.6 Map of the tumor landscape. Each region is broken into its CD44/CD24 populations, where the size of
each circle represents the relative sizes of each population. Darker colors indicate higher fractions of the
population contain CNVs.

Figure 3.7 Map of the tumor landscape. Pie charts are shown for each region and CD44/CD24 status. Colored slices
represent distinct CNV profiles.
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4 Single cell transcriptomics
Although a number of systems exhibit heterogeneity at the genome level,
transcriptomic heterogeneity is a universal phenomenon. Multicellular organisms contain a
variety of cell types. Although generally genetically identical, these cell types perform distinct
functions and differ significantly in gene expression levels. Single cell transcriptomics provide a
powerful approach to characterize these cell types.
While cell types represent one level of heterogeneity, a more fundamental
heterogeneity exists even among cells of the same type or single celled organisms. Messenger
RNAs (mRNAs) are often present at low copy number, and their transcription and degradation
are stochastic events governed by a number of gene-specific regulatory proteins as well as
global machinery which are subject to their own stochastic fluctuations. As a result, gene
expression levels fluctuate over time and across cells of the same type. As discussed in the
introduction, this level of heterogeneity potentially offers deep insights into the regulatory
relationships among genes.
Several methods have been used to measure mRNA expression levels, including
fluorescence in situ hybridization (FISH), qRT-PCR, and microarrays, and more recently RNA
sequencing [1]. In general, FISH at single molecule resolution [2-4] gives the most quantitative
measurement, but has limited dynamic range and low throughout. Similarly, RT-qPCR has high
accuracy but cannot achieve whole transcriptome scale analyses [5-9]. RNA sequencing has
surpassed microarrays in both accuracy and dynamic range [10, 11].
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The first single-cell RNA sequencing method [10-13] was developed with a PCR-based
exponential amplification scheme, adding a poly-A tail to the 3’end of first-strand cDNAs by a
terminal transferase prior to the second strand synthesis. This PCR-based RNA sequencing
method lacked spike-in controls and displayed general amplification bias towards the 3’ ends of
mRNAs as expected. Another PCR-based technique named Quartz-Seq [14] was developed with
different strategy, while the same problems remained. Subsequent methods relied on a reverse
transcriptase with template-switching activity, such as STRT-Seq [15-17] and SMART-Seq [1820]. Although they have the potential to amplify full-length mRNA, these PCR-based techniques
may still exhibit significant bias dependent on the length of mRNAs, due to the general
preferences of PCR towards shorter amplicons. CEL-Seq [21] and MARS-Seq [22] utilize in-vitro
transcription (IVT) as the amplification method instead of PCR, and reduce hands-on time with
the ability to pool many samples before amplification. At the same time, the requirement for
barcoding limits coverage to only the 3’ or 5’ ends of the transcripts. Another method [23]
based on random priming has been demonstrated recently, but could not address the low
amplification efficiency issue.

4.1 Transcriptome amplification by MALBAC
Multiple annealing and looping-based amplification cycles (MALBAC) [24] was able to
significantly reduce amplification bias compared to previous MDA-based whole genome
amplification and provide high detection sensitivity [25]. We sought to leverage these
properties and adapt MALBAC to RNA amplification. After cell lysis, we begin by reverse
transcribing mRNA to cDNA using poly-T primers which containing a 27-nucleotide sequence on
the 5’ end. After cDNA synthesis, the same 27 nucleotides together with 7 random nucleotides
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are used for cDNA amplification. Those 7 random nucleotides can hybridize evenly onto reverse
transcribed cDNA at 4°C (Figure 4.1). As the temperature is slowly increased to 65°C, second
strand cDNA synthesis is started. With strand displacement activity, DNA polymerase enables
the primer from behind to displace the primer downstream base-by-base as it proceeds along
the template. Upon reaching the end of extension, each newly synthesized cDNA has a 27-base
tag at its 3’ end complementary to its 5’ end, thanks to the same sequence being used at both
reverse transcription and second strand synthesis. In order to avoid being further amplified,
after being melted at 95°C, cDNA with complementary tags at both ends is able to form a loop
at 58°C, finishing a full MALBAC cycle. A total of 10 MALBAC pre-amplification cycles are used to
generate enough amplicons for PCR. Since during each cycle, only the original cDNA template is
targeted for amplification, MALBAC does not generate as much bias, and the overall
amplification efficiency is quasilinear. In order to acquire enough material for sequencing, a
further 19-cycle PCR amplification is applied using the same 27-base common sequence as in
the primers.
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Figure 4.1 Method of amplifying mRNA by MALBAC. After reverse transcription, primers with 7 random nucleotides
at 3’ end are annealed at cDNA template at 4°C, then extended by DNA polymerase with strand displacement
activity as temperature is increased. Amplicons are then melted off the original template after DNA extension, and
looped at 58°C to protect themselves from being further amplified thanks to their 5’ ends complementary to 3’
ends. This MALBAC-RNA step includes a total of 10 cycles of quasilinear amplification, followed by another 19 cycles
of PCR.

To evaluate the technical reproducibility of MALBAC, we amplified two replicates by
diluting and aliquoting a 100-cell lysate from the colorectal cancer cell line SW480 into singlecell portions. These technical replicates should differ in molecular counts only by Poisson
fluctuations. Additionally, we amplified and sequenced nine SW480 single cells which would
exhibit biological variability as well. MALBAC-RNA exhibits a linear detection of synthetic spikein transcripts across five orders of magnitude (Figure 4.2A). Of the 11,233 genes detected in
bulk mRNA sequencing, only 1045 were not detected in at least one of the single cells, while an
additional 1622 genes were detected in at least one of the single cells but not the bulk. The
correlation between the two technical replicates is shown in Figure 4.2B. MALBAC-RNA shows
high reproducibility with a correlation coefficient of 0.995, while the nine SW480 single cells
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exhibited reduced correlation due to biological variations between cells (Figure 4.3). However,
correlation is primarily influenced by a handful of highly expressed genes and is therefore a
poor metric for evaluating technical reproducibility (Figure 4.4). More tellingly, MALBAC-RNA
exhibits reproducibility in detecting expressed genes (Figure 4.2C) with low amplification noise,
as depicted by a 10-fold or more FPKM difference for the same gene after amplification (Figure
2D). Moreover, because random primers are incorporated throughout the transcripts,
amplification is not biased against longer transcripts (Figure 4.5).
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Figure 4.2 Technical reproducibility of MALBAC-RNA amplification. (A) Mean expression level measured in across
two technical replicates and nine SW480 single cells for synthetic spike-ins of a particular concentration. Error bars
represent standard errors. (B) Scatter plot of two technical replicates exhibits a high correlation coefficient (R
=0.995). To prepare technical replicates, single-cell amount of RNA was aliquoted from 100 cells after cell
membrane lysis and they should only differ by Poisson fluctuations in molecular counts. (C) Probability of detecting
a transcript in one technical replicate as a function of its expression level in the other replicate. (C) Probability that
the expression level of a transcript in one replicate will differ by at least 10-fold from the measurement in the other
replicate.
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Figure 4.3 Biological variation among single cells. Scatter plots showing gene expression levels (FPKM) between
pairs of nine SW480 single cells, with their respective correlation coefficients in the lower half.
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Figure 4.4 Correlation is strongly influenced by highly expressed genes. Scatter plots showing correlation
coefficients of MALBAC technical replicates with (A) all genes included (99.5%), (B) the highest 0.1% of genes
excluded (94.5%), and (C) the highest 1.0% of genes excluded (81.8%). The correlation as commonly reported can
vary greatly due to the expression of relatively small number of house keeping genes or the amount of spike-ins
added.

Figure 4.5 Amplification biases for genes of varying lengths. Genes were binned into 1kb buckets by length. For
each gene, the bias was calculated as (µ-b)/(µ+b), where µ is the average FPKM among the two technical replicates
and nine single cells, and b is the FPKM of the gene in the bulk sample. For each length bin, the average across all
genes in the bin is presented.
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4.2 Transcriptome Amplification of Single Embryonic Stem Cells
Every organ or somatic tissue of a mouse is derived from a single sheet of epiblast [26,
27]. During the gastrulation stage from 6.5 to 8.5 days post coitum (d.p.c.), the cup-shaped
epiblast diversifies to generate three distinct germ layers known as ectoderm, mesoderm and
endoderm. During this period, the mesoderm and endoderm delaminate from the epiblast in a
specialized region, namely the primitive streak, which contains a narrow stripe of egressing and
differentiating cells running down one side of the cup. Each layer then gives rise to different
components of the fetal organ primordia. Therefore, gastrulation represents a crucial phase of
cytodifferentiation, morphogenesis and pattern formation, dramatically transforming an
epithelial sheet into an embryo with recognizable vertebrate form within 48 hours.
During the early stage of gastrulation, in order to move into the primitive streak in the
embryo and further differentiate into 3 distinct germ layers, the epiblast cells have to lose their
cell-cell adhesion through an epithelial-mesenchymal transition (EMT) [28]. With the induction
of EMT, cells within the newly formed mesoderm layer acquire the characteristics of the
mesenchymal cells [29].
Having demonstrated that MALBAC-RNA generates quantitative and reproducible
single-cell transcriptomes, we asked whether a global analysis of cells isolated from early
gastrulation stage embryos could reveal germ layer-specific transcriptomic patterns and trace
the origin of germ-layer derivation.
To this end, we amplified and sequenced a total of 11 single-cell transcriptomes from
each of the three germ layers—ectoderm, mesoderm, and visceral endoderm—from a 7.0dpc
embryo. With principal component analysis, samples from the three germ layers were clearly
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separated (Figure 4.6A). In particular, the first principal component distinguishes the visceral
endoderm from the other two layers, whereas the second principal component represents the
difference between ectoderm and mesoderm. The germ-layer origin of these embryonic cells is
additionally confirmed by the expression of known germ-layer-specific markers (Figure 4.6B).
All visceral endoderm cells express high levels for endoderm specific marker genes, such as
Cited1, Hnf4a, Cubn, Afp, Apoa1, but not mesoderm markers, such as Aplnr. The data show a
distinct differentiation for the 3 germ layers based on their unique expression profiles. A total
of 738 genes were found to be differentially expressed between ectoderm and mesoderm,
1783 between ectoderm and visceral endoderm, and 1831 between mesoderm and visceral
endoderm. Differentially expressed genes were enriched for processes including those related
to embryonic morphogenesis, pattern specification processes, cell differentiation, and
regulation of Wnt signaling pathway. Therefore, both the global transcriptomes and the
expression of known germ layer associated marker genes clearly support the germ-layer
identity of all the examined single cells.
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Figure 4.6 Gene expression profiles of 7.0dpc mouse embryo stem cells from 3 different germ layers. MALBAC-RNA
distinguishes single cells from different germ layers of a post-implantation mouse embryo (7.0dpc). A total of 12
single cells were isolated from a 7.0dpc mouse embryo, among which 3 were from the ectoderm, 5 from the
mesoderm, and 4 from the visceral endoderm. (A) Principle component analysis of transcriptomes clearly separates
the 12 single cells into three clusters, each representing one germ layer. (B) Top: Hierarchical clustering of
transcriptomes classifies the 12 single cells into three non-overlapping sub-trees representing the three germ layers.
Bottom: Known marker genes of the three germ layers exhibit strong layer-specific patterns of expression, although
some show significant cell-to-cell variation within a layer. Principle component analysis and hierarchical clustering
were based on the ranking of each gene’s FPKM among all cells.

We next investigated the relationship between the three germ layers. Interestingly, they
are not equally separated from each other. In principal component analysis, the visceral
endoderm is more distinct from the other two layers and this difference constitutes the most
significant component of variance. Consistent with this observation, hierarchical clustering
placed ectoderm and mesoderm under the same subtree (Figure 4.6B). Therefore, our data
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suggest a more distinct separation of visceral endoderm from the other two germ layers at
7.0dpc.
In addition, we also investigated the results of EMT programming within the mesoderm,
as compared to the other two germ layers, based on their single-cell transcriptomes. As can be
seen in Figure 4, both FGF10 and Snai1 have been significantly overexpressed in mesoderm,
whereas the E-cadherin level is lowered compared to ectoderm and visceral endoderm,
indicating the downregulation of E-cadherin expression by FGF signals, through the regulation
of snail gene expression [30]. As Sox3 genes have been completely depleted in mesoderm, the
reciprocal repression between Snail and Sox3 is suggested in our experiment as well as
previously reported [31]. At the same time, both Eomes and Mesp1 are highly expressed in the
mesoderm, supporting the theory that Eomes acts upstream of Mesp [28], although in our data
only the upregulation of Mesp1 is observed rather than both Mesp1 and Mesp2. A few other
EMT signature genes have also been found significantly overexpressed in mesoderm cells, like
CDH2, Wnt5a, Wnt3, Hmga2, Smad1, Fgf10, which further confirms the transition of the cells in
gastrulation stage.
Lastly, MALBAC-RNA revealed novel patterns of gene expression during early
gastrulation. Some known germ-layer-specific markers for mesoderm, like BMP2, are not
expressed in our samples. In some cases a known marker, such as T, is observed but only in one
or two of the corresponding single cells. In addition, we identified new genes that are specific
for each germ layer. For example Cotl1, a Coactosin-like protein, is found to be highly expressed
in all cells from visceral endoderm.
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5 Highly multiplexed digital transcriptomics
A variety of methods for single cell transcriptomics are being widely used to identify
new cell types and dissect their roles in complex biological systems [1-6]. While such studies
serve as an important starting point for follow up studies, they have been limited in their ability
to unravel the biological pathways that differentiate these cell types. Furthermore, such
studies rarely address heterogeneity within a cell type, with a few exceptions [6-9].
Transcriptional heterogeneity within a cell type can potentially reveal deep insights into
the regulatory relationships of expressed genes. All genes in a homogenous population of cells
experience fluctuations in expression due to the inherently stochastic nature of production and
degradation of transcripts and proteins. Fluctuations in regulatory proteins will cause
downstream genes to fluctuate in turn. Correlations in the expression of two genes therefore
may indicate that one regulates the other or that they share a common regulator Figure 5.1. In
this way, single cell transcriptome measurement can in principle reveal the structure of
regulatory networks.
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Figure 5.1 Connections in the hypothetical gene networks ABCD and EF indicate either regulation (e.g. A is a transcription factor
regulating B) or co-regulation. These connections lead to expression correlations. Clustering of the gene correlation matrix reveals
network composition, while the relative strength of correlations reflects network structure.

Bulk transcriptome measurements, either by sequencing or microarray, have previously
been used to infer regulatory relationships from correlations [10-25]. In these experiments,
specific perturbations are made, such as temperature or nutrient shocks, and correlations are
taken across perturbations. In such studies, perturbations must be designed to ensure they
target all the genes of interest. Moreover, pathways involving multiple layers of regulation
pose a challenge because upstream genes remain correlated with genes several layers
downstream. In contrast, perturbations in the form of stochastic fluctuations should target all
genes, and their effect should be limited to more direct interactions.

5.1 Models of correlation of co-regulated genes
To motivate the study of the gene correlations by single cell sequencing and to provide
an intuition for the magnitude of correlations that might be expected, we first present
theoretical results arising from different models of gene regulation.
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5.1.1 Independent transcription with rapid equilibrium

Figure 5.2 A simple model of co-regulated gene expression. The level of protein B is controlled by an arbitrarily
complex process which causes its expression to fluctuate in time. Transcripts C and D follow simple chemical
kinetics with production rate v and degradation rate d.

A simple model for co-regulated genes is shown in Figure 5.2. In this model, the level of
protein B is controlled by arbitrarily complex regulatory mechanisms which cause it fluctuate
over time. Transcripts C and D follow simple chemical kinetics and are transcribed
independently of each other with rate 𝑣 and degraded with rate 𝑑. The covariance of C and D
can be expressed as:
〈𝛿𝑐𝛿𝑑〉 = ∑⟨𝛿𝑐𝛿𝑑|𝑏⟩𝑝(𝑏) = ∑⟨𝛿𝑐|𝑏⟩⟨𝛿𝑑|𝑏⟩𝑝(𝑏)
𝑏

𝑏

In many situations, mRNAs are short lived compared to proteins, and so we might
expect C and D to be short lived relative to the time scale on which B fluctuates. In this case, as
B fluctuates, C and D rapidly reach a new equilibrium that they fluctuate around. For our model
of simple chemical kinetics, these fluctuations will follow a Poisson distribution with mean 𝜆𝑏,
𝑣

where 𝜆 = 𝑑. The covariance thus becomes:
〈𝛿𝑐𝛿𝑑〉 = ∑ 𝜆2 𝛿𝑏 2 𝑝(𝑏) = 𝜆2 𝜎𝐵2
𝑏
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where 𝜎𝐵2 is the variance of B. Following a similar procedure for 〈𝛿𝑐 2 〉 and 〈𝛿𝑑 2 〉, the
correlation coefficient of C and D is:
𝜌𝐶𝐷 =

〈𝛿𝑐𝛿𝑑〉
√〈𝛿𝑐 2 〉〈𝛿𝑑 2 〉

=

𝜇𝐶 cv𝐵2
1 + 𝜇𝐶 cv𝐵2

where 𝜇𝐶 = 𝜇𝐷 is the mean of C or D, and cv𝐵 is the coefficient of variation of B. Under these
assumptions, genes C and D will be highly correlated when they have a high mean expression
level and when the fluctuations in B are large relative to its mean. As an example, if genes C
and D have an average expression of 10 copies per cell and the coefficient of variation of B is
0.1, then the correlation of C and D will be 0.091. Meanwhile if the coefficient of variation is
0.3, the correlation will be 0.47.
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5.1.2 Simple transcription and decay of regulator

Figure 5.3 Model of correlation in the regulator is controlled by simple transcription and translation. A)
Parameterization of the model in which protein B regulates transcripts C and D independently. B is produced from
transcript A. All species are produced and decay following simple chemical kinetics. B) Simulated traces for two
parameterizations of this model. Protein B fluctuates with a coefficient of variation of 0.1 or 0.19 (top), and genes
C and D in fluctuate with correlations 0.091 or 0.26 (bottom)

Having expressed the correlation coefficient in terms of the mean expression level of
the target genes and coefficient of variation of their regulator, we next examine what
parameters might affect the coefficient of variation. In the simplest model of Figure 5.3A,
protein B is controlled by translation of transcript A, and the production and degradation of A
and B follow simple chemical kinetics. Simulated traces under this model are shown in Figure
5.3B
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In this model, it can be derived [26] that the fluctuations of B follow:
cv𝐵2 =

1
1
𝑑1
+
𝜇𝐵 𝜇𝐴 𝑑0 + 𝑑1

As an example, if A is produced at a rate of 2 copies per hour and decays at 0.2 copies/hour (for
a mean of 10 copies), and B is produced at a rate of 10 copies per hour and decays at 0.1 copies
per hour (for a mean of 1000 copies), then coefficient of variation of B will be 0.19. Under the
previous assumptions of rapid equilibrium with C and D expressed at a mean of 10 copies, their
correlation would be 0.26.
Gene expression is known to occur in bursts [27, 28] which are not accounted for by this
model. This phenomenon result in a higher coefficient of variation than predicted by this
model. In turn, downstream genes would be more highly correlated than described here.
5.1.3 Long lived transcripts
The previous models have assumed that transcripts C and D are short lived relative to
the timescale on which B fluctuates. Finally, we consider the case in which these transcripts are
long lived. In this case, analytical expressions for the correlation of C and D still exist but are
not informative. Intuitively, it is expected that C and D will become less correlated as their
lifetime becomes longer. When C and D are long-lived, fluctuations in B are integrated over,
and the fluctuations in C and D become dominated by stochasticity in their decay rates and
average production rates. This is exhibited in Figure 5.4.
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Figure 5.4 Correlation is reduced when downstream transcripts are long-lived. A) Parameterization of a model in
which protein B is controlled by simple transcription and translation, and transcripts C and D have varying lifetimes.
B) Effect of lifetimes of C and D on their correlation. The ratio of lifetimes 𝑑1 /𝑑2 is varied while holding 𝜇𝐶 = 𝜇𝐷 =
10 fixed by varying 𝑣2 . For 𝑑1 /𝑑2 ≪ 1, the correlation plateaus at the value predicted under the assumption of
short lifetimes. The correlation approaches zero for 𝑑1 /𝑑2 ≫ 1.

5.2 Sources of noise in single cell measurements
Although single cell measurements of stochastic fluctuations can provide valuable
insights, they also present a number of technical challenges that must be overcome.
Correlation coefficients must be estimated by sampling a finite number of cells. The more cells
that are sampled, the more accurate the estimation of correlation will be. Figure 5.5 shows the
magnitude of this effect. When only 100 cells are sampled, two genes that are uncorrelated
may appear to have a correlation coefficient as high as ~0.25. With 1000 cells, this is reduced
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to ~0.05. In order to avoid falsely identifying large numbers of genes as co-regulated, it is
therefore necessary to sequence ~1000 cells.

Figure 5.5 Effect of sample size on measured correlation. Sequencing 1000 cells allows correlations to be quantified with high
statistical certainty even for genes with relatively low expression level (~5-10 molecules/cell).

Another challenge that must be overcome is obtaining highly accurate measurements of
expression in single cells. If sources of technical noise are larger than the stochastic
fluctuations that genes experience, then even highly correlated genes will appear uncorrelated.
Limited detection efficiency is one source of noise and follows a binomial distribution.
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Transcripts can fail to be detected for a number of reasons, including failure to complete
reverse transcription or second strand synthesis which prevent amplification. Additionally,
uneven amplification can cause a transcript to be undetected if sequencing depth is not high
enough. Figure 5.6 shows a simulation of the effect of limited detection efficiency. At low
detection efficiency, evenly perfectly correlated genes can appear largely uncorrelated. It is
important to note that this simulation assumes an infinite number of cells are measured. That
is, sampling more cells cannot compensate for high technical noise.

Figure 5.6 Simulation of detected correlation coefficient as a function of RNA detection yield, given the actual correlation at an
efficiency of 1.0.

Amplification noise presents a final source of technical error. An ideal amplification
method would amplify all transcripts by the same amount. In practice, even two transcripts of
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the same gene will be amplified different amounts due to random noise in PCR. A common
method to circumvent this noise is to use unique molecular identifiers (UMIs). In this approach,
a random sequence of several nucleotides is added during reverse transcription. Usually this is
included in the poly-T primer used for reverse transcription [29-32], but protocols that rely on
template switching may include the UMI in the template switching oligonucleotide [33]. After
sequencing, the expression of a gene is determined by the number of unique UMI sequences
rather than the number reads mapping to that gene. In principle, this should eliminate noise
due to amplification. In contrast to most techniques, one recent method incorporates a UMI
during amplification rather than reverse transcription [34]. Because multiple UMIs are created
for each transcript, this method does not provide absolute transcript counts, and it is unclear
what impact the UMIs have in reducing amplification noise.

5.3 Development of MALBAC digital transcriptomics
To meet the need for an accurate method capable of studying thousands of cells, we
developed a modified amplification protocol, MALBAC-dt (MALBAC digital transcriptome)
(Figure 5.7). As detailed in Chapter 3, a major bottleneck to studying large numbers of cells is
the cost and effort of performing library preparation on individual samples. As with other
multiplexed single cell transcriptome methods, we addressed this by including a cell-specific
barcode in the reverse transcription primer. We followed our design in Chapter 3 of using two
cell-specific barcodes (Cn and Gn in Figure 5.7) to reduce the number and length of the primers
that need to be synthesized.
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Figure 5.7 Workflow for MALBAC-DT. (A) cDNA synthesis. The reverse transcription primer ‘RT-An’ contains two barcodes: the Cn
sequence (yellow), which is a 6-nucleotide cell specific barcode, and the UMIA sequence (red), which is a semirandom 20-mer
[(HBDV)5] that uniquely labels each transcript. The length of the UMI prevents collisions, and its semirandom composition allows
UMI sequencing errors to be detected from bases which fall outside the expected pattern. After reverse transcription, excess
primers are digested by Exonuclease I to prevent them from annealing during cDNA amplification, which would cause the same
transcript to be tagged with multiple UMIs. ‘RT-Bn’, which is identical to ‘RT-An’ except for a different UMI pattern [(DVBH)5], is added
so that incomplete exonuclease digestion can be detected if the final library contains UMIB sequences. Finally, RNA and proteins
are degraded by heating at 80oC. (B) cDNA amplification. The MALBAC primer containing a 7-nucleotide random annealing
sequence and the GAT5 sequence (green) is annealed to the cDNA. This allows both fully and partially synthesized cDNAs to be
amplified. MALBAC thermocycling amplifies the second strand in a linear manner by producing self-annealing loops, which reduces
amplification bias. After 10 cycles, the loops are denatured and amplified by 17 cycles of PCR. Finally, another 3 PCR cycles are
used to anneal a primer containing the Read2 sequencing primer (R2SP, brown)) and a barcode (Gm, purple), which is another 6nucleotide cell specific barcodes. The final number of possible cell barcodes is (n x m). The products are then pooled for library
preparation.

5.3.1 Design of unique molecular identifiers
Although UMIs potentially reduce amplification noise, they are also prone to their own
artifacts. When determining the number of unique sequences, any errors during amplification
or sequencing will appear as distinct molecules and will artificially inflate gene expression
counts. This effect has been readily apparent in many studies that used UMIs. For instance, in
one early study [33], UMIs tended to form clusters in which one sequence was represented by
many reads, while sequences differing by a single base were present in only one or a few reads
(Figure 5.8). Errors were particularly prevalent in this study, likely due to the use of
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manganese, which is known to reduce polymerase fidelity [35, 36], during reverse transcription.
More recent studies have recognized the impact of errors on UMI counts [31, 37], and have
attempted to correct errors by requiring that distinct UMIs differ at multiple positions.
However, this number is chosen arbitrarily, and it is unknown whether all errors are eliminated.

Figure 5.8 Errors in UMIs lead to overcounting. UMI data is shown for one gene in an early study [33]. Each point
represents a single UMI sequence, with the size of the point representing the number of reads in which it was
observed. UMIs are connected by a line if they differ by a single base. UMIs form clusters in which most UMIs
result from amplification or sequencing errors and are represented by few reads.

We introduce an improved UMI design that more robustly eliminates errors. The
number of transcripts that can be accurately counted depends on the length of the UMI and the
number of bases that distinct UMIs must be separated by. If a UMI sequence is short, multiple
transcripts might be tagged with the same UMI by chance and be undercounted. Similarly,
requiring that distinct UMIs differ at multiple positions increases the chance that two
transcripts will be tagged with UMIs that differ by less than this threshold.
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In order to set a minimum separation between distinct UMIs, it necessary to have a
measure of the error rate. While the error rate associated with sequencing can be estimated by
a variety of methods such as spike-ins or quality scores, the error rate associated with
amplification is less straightforward. To measure the overall error rate, we use the UMI
sequence HBDVHBDVHBDVHBDVHBDV (Figure 5.9), where H represents a random nucleotide
chosen from A, C, T; B represents a random nucleotide chosen from C, G, or T; D represents a
random nucleotide chosen from A, G, or T; and V represents a random nucleotide chosen from
A, C, or G. That is, at each position there are three acceptable nucleotides, and one nucleotide
represents an error. Because there are two substitution errors that cannot be detected for
every substitution error that is detected, the overall error rate is the fraction of observed errors
multiplied by three.

Figure 5.9 Design of UMI sequence to measure sequence and amplification error rates. The pattern of random
nucleotides is shown, along with four example UMI sequences. Bases in red must have resulted from errors either
during amplification or sequencing.

Using the above UMI design, we measured the overall error rate to be 2% per base.
Given this error rate, we were then able to determine the minimum separation between
distinct UMIs and the necessary UMI length. Figure 5.10 shows this tradeoff. With a 2% error
rate, we would not expect more than three errors in a UMI. For a 20 base UMI, 1000
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transcripts could be counted without any pair having a distance of three by chance. This
maximum detection level is sufficient for nearly all genes, and we opted for a 20 base UMI.

Figure 5.10 Tradeoff between UMI separation and UMI collisions for UMI of length 20. Blue line shows the
probability of a UMI having at least a given number of errors when errors occur independently with probability 2%.
Each red curve shows, for a particular number of total transcripts, the probability that all pairs of UMIs will be at
least a given distance apart.

UMIs are also prone to an additional source of error that has not been appreciated in
the literature. The primers used during reverse transcription which contain UMIs are typically
still present during PCR amplification. These can anneal to existing amplicons, erroneously
creating new UMIs and inflating gene counts (Figure 5.11). To detect how often this occurs, we
utilized a second UMI design with the sequence VHDBVHDBVHDBVHDBVHDB. Primers
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containing this second UMI sequencing are added after reverse transcription and ideally will
not be utilized at all during amplification. Because these two UMI designs are readily
distinguishable upon sequencing, the number of molecules with the second, incorrect UMI is an
indication that a similar number of molecules with the first, correct UMI have resulted from
incorrect annealing during amplification.

Figure 5.11 Incorrect annealing of UMIs. During PCR, it is desired that primers containing only the common
sequence are used for amplification, thereby replicating the UMI sequence (bottom, green check mark). Transcript
counts will be inflated if excess UMI-containing primers anneal to a poly-A sequence at the tail or in the gene body
(red X).
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Figure 5.12 Detection of incorrect annealing using two UMI designs. The two UMI designs are listed at the top.
Below are examples of UMI sequences. Red nucleotides are only consistent with the incorrect UMI design, while
blue UMIs are only consistent with the correct UMI design. Most UMI sequences are consistent with only one
design, while occasionally sequencing errors can result in UMIs that are consistent with different designs at
different positions.

Initially we found that close to 50% of amplified transcripts contained the incorrect UMI
pattern. This indicated that incorrect annealing was widespread and that UMI counts were
unreliable. However, we found that this could largely be alleviated by performing an
exonuclease digestion after reversion transcription to degrade single-stranded primers while
leaving reverse-transcribed double-stranded cDNA-RNA hybrids intact. With this exonuclease
digestion, up to 95% of transcripts originate from the correct UMI.
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5.3.2 Detection efficiency
We set out to measure and optimize our reaction conditions to maximize the detection
efficiency our method. We first sought to maximize the efficiency of reverse transcription as
measured by droplet digital PCR (ddPCR). In these assays, the first strand cDNA products of
reverse transcription are separated into thousands of droplets. Amplification is carried out in
these droplets by PCR with fluorescent reporter probes. After amplification, the number of
droplets containing amplified product provides a highly accurate count of the number of
transcripts originally present.
We used two fluorescent probes per gene to measure the efficiency of initiation and
extension of reverse transcription (Figure 5.13). Under optimized conditions, we could achieve
85% elongation efficiency, compared to 30% under conditions commonly used by other
methods [38]. With a similar design, we measured the efficiency of template switching in other
methods to be ~15%, leading to ~5% overall efficiency with these methods.
To determine the overall efficiency of our method, we performed amplification and
compared transcript counts obtained by sequencing to those obtained in our ddPCR
experiments. Doing so, we arrived at an estimate of 30-50% overall efficiency for our
amplification method. These experiments were performed on bulk RNA from GM12878 cells
aliquoted to single cell levels (10 pg). Thus variations between samples sequenced and those
probed by ddPCR are limited to Poisson fluctuations and should be minimal.
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Figure 5.13 Optimization of reverse transcription by ddPCR. Two fluorescent probes are used that target the 3’ and
5’ ends of the gene. The majority of droplets either contain only the 3’ end of the transcript (blue dots) or both 3’
and 5’ ends (orange dots). As expected for reverse transcription using a poly-T primer, few droplets contain only
the 5’ end (green dots).

5.4 Dissecting regulatory networks by MALBAC-dt
Having developed a method capable of amplifying thousands of cells with high accuracy,
we attempted to detect correlations between genes due to stochastic fluctuations in regulatory
proteins. To this end, we amplified and sequenced ~750 cells each from the HEK293T
embryonic kidney cell line and U2OS bone cancer cell line at a depth of ~1M reads per cell. We
limited our analysis to genes that were detected in at least 10% of cells, or ~12,000 genes for
each cell line. We calculated correlation coefficients between all pairs of genes and used this as
a distance metric to perform hierarchical clustering of the genes.
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Figure 5.14 Modules of transcriptionally correlated genes in HEK293T cells. (A) Heatmap in which each pixel
represents the correlation between a pair of the ~12,000 genes that are consistently expressed. Hierarchical
clustering of the genes reveals modules of correlated genes with related function. (B) Enlarged view of the region
outlined in (A)
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Upon hierarchical clustering, modules of genes were readily apparent in which genes
within each module were highly correlated with each other and largely uncorrelated with genes
in other modules Figure 5.14. Clusters of genes were also apparent when the data was
visualized with t-SNE [39] (Figure 5.15A). In contrast, visualization of cells by tSNE did not
reveal clear clusters, indicating that the gene correlations are not due to the presence hidden
subpopulations of cells.

Figure 5.15 Visualization of genes (A) or cells (B) by t-SNE. Genes cluster into transcriptional modules, while cells
appear homogenous.

To underscore the need for high accuracy, we compare correlations measured by
MALBAC-dt to those calculated from published data generated by 10x Genomics [37] with the
same cell line (Figure 5.16). The data generated by 10x Genomics contains ~3000 cells
compared to ~750 for MALBAC. As a result, correlations have lower sampling noise, which is
apparent in the lower background levels far from the diagonal. However, fewer true
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correlations can be detected due to the lower sensitivity. As a result, few modules are
detectable by this method.

Figure 5.16 High sensitivity is required to detect transcriptional modules. Correlations are displayed for genes
ordered by hierarchical clustering for generated by MALBAC-dt (A) or 10x Genomics (B). Due to the lower detection
efficiency of 10x Genomics, few modules can be detected.

As we expect that genes with regulatory relationships would be correlated, we
examined whether genes within modules had related functions. In many instances, this turned
out to be the case. Two instances are shown in Figure 5.17. In some cases, such as protein
synthesis, these modules are large and consist of dozens or hundreds of genes. Despite their
size, these modules still remain relatively specific to a single function. For instance, only genes
involved in functions such as tRNA and amino acid synthesis are found in this protein synthesis
module, while ribosomal proteins are found in a separate module.
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Figure 5.17 Examples of transcriptionally correlated modules. (A) A cluster of genes responsible for tRNA synthesis,
amino acid synthesis and transport, and control of translation initiation. (B) A cluster of genes required for
cholesterol synthesis.

Comparing modules between the HEK293T and U2OS cell lines, we observed that many
modules are shared between the two cell lines (Figure 5.18). These modules typically
correspond to core cellular functions, such as pathways relating to metabolism or cell cycle. On
the other hand, many modules are observed in only one cell type and likely correspond to
pathways that responsible for functions specific to that cell type.
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Figure 5.18 Comparison of modules in U2OS cells (above diagonal) and HEK293T cells (below diagonal). Clustering
is performed using the maximum correlation in either cell line. Some modules corresponding to core cellular
functions are common to both cell lines, while other modules are only present in one cell line. Only of genes are
shown for clarity

As a demonstration of the potential for uncovering complex regulatory relationships, we
present a more detailed analysis of a particular transcriptional module related to p53 activity.
p53 is a transcription factor that regulates the cellular response to DNA damage and other
stresses. Due to its central role in this process, it has been dubbed the “guardian of the
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genome” [40] and is the most frequently mutated gene in human cancers. In U2OS cells, we
observed a module relating to p53 activity consisting of 225 genes (Figure 5.19). These genes
were highly enriched for p53 signaling by KEGG pathway analysis (q=10-12) as well as p53
binding by ChIP-chip data in this cell line (q=10-15) [41-43]. These genes do not appear
corelated in HEK293T cells (Figure 5.19A), despite being expressed at similar levels (Figure
5.19B). This may the result of genes having a role in multiple overlapping pathways, but with
p53-specific activity being lower in the HEK293T cell line.

Figure 5.19 Expression and correlation of genes related to p53 activity. (A) Correlations within a module identified
in U2OS cells that is highly enriched for genes related to p53 activity. This module is not present in HEK293T cells.
(B) Average expression levels for genes in the module in HEK293T vs U2OS cells. Genes are expressed at similar
levels in both cell lines but are only correlated in U2OS.

Although many of the genes in this module are known to be targets of p53, others have
not been previously associated with p53. These may represent novel targets warranting further
investigation. In some instances, potential links to p53 have only recently been uncovered. For
instance, ATXN3 is a deubiquitinase that was recently found to regulate the stability of p53 [44].
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In our data, the structurally similar deubiquitinase JOSD1 is found within this module and may
have a similar role regulating the stability of p53.
From our data it is also possible to distinguish multiple levels in a regulatory hierarchy.
In the case of p53, activation can lead to a variety of outcomes, including cell cycle arrest or
apoptosis. It is well established that cell cycle arrest is mediated by the transcription factor p21
[45]. Active p53 induces expression, which in turn induces expression of several downstream
genes that arrest the cell cycle. In our data, these downstream genes form a module distinct
from p53. However, p21 is highly correlated with both modules, consistent with its role as a
link between p53 activation and cell cycle arrest Figure 5.20.
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Figure 5.20 Transcriptional modules reveal hierarchical regulation. Modules related to p53 and cell cycle arrest are
linked by p21, consistent with its role in mediating cell cycle arrest upon p53 activation. A similar structure is seen
between several genes of unknown function and LINC01021, which has recently been linked to p53. This unknown
module may represent downstream targets of LINC01021.

LINC01021 is a noncoding RNA that has recently been established as a target of p53 [46,
47], although its function remains uncertain. Like p21, this gene correlates both with the p53
module as well as set of distinct set of genes Figure 5.20. We hypothesize that these genes may
perform a previously unrecognized function up p53 activation, and that this function is
mediated by LINC01021. Such inter-module correlations may serve as a valuable tool for
unraveling the hierarchical structure of regulatory networks.
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