Abstract
A SNP Calling And Genotyping Method For Single-cell Sequencing Data
by
Hamim Zafar

In this thesis, we propose a single nucleotide polymorphism (SNP) calling and
genotyping algorithm for single-cell sequencing data generated by the recently developed single-cell sequencing (SCS) technologies. SCS methods promise to address
several key issues in cancer research which previously could not be resolved with data
obtained from second generation or next-generation sequencing (NGS) technologies.
SCS has the power to resolve cancer genome at a single-cell level and can characterize
the genomic alterations that might differ from one cell to another. SNPs are the
most commonly occurring genomic variations that alter the gene functions in cancer.
Several methods exist for calling SNPs from NGS data. However, these methods are
not suitable in the SCS scenario because they do not account for the various amplification errors associated with the SCS data. As a result, the existing SNP calling
methods perform poorly, producing a large number of false positives when applied
on SCS data. To the best of our knowledge, no SNP calling method exists that is
specifically designed for SCS data.
Our SNP calling algorithm is specifically designed for SCS data and the underlying
statistical model deals with the inherent errors of SCS like allelic dropout, high bias
for C : G > T : A and other amplification errors. This results in ∼ 50% reduction
in the number of false positives and ∼ 30% increase in precision in calling SNPs

as compared to GATK, a state-of-the-art SNP calling method for NGS data. Our
algorithm also employs an improved genotyping method to properly genotype the
individual cells by avoiding the sequencing errors (e.g., base calling error).
Our method is the first SCS-specific SNP calling method and it can be used to
characterize the SNPs present in individual cancer cells. Potentially, it can be applied
as a first step in the genealogical analysis of tumor cells for tracing the evolutionary
history of a tumor.
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Chapter 1
Introduction
Cancer is, essentially, a disease caused by genetic variations that provide a selective growth advantage to cells. Such genetic variations can vary in type, length and
characteristics. Among the different genetic variations, somatic substitution mutations involving single nucleotide (also known as single nucleotide polymorphisms) are
the most commonly observed phenomena in carcinogenesis and clonal proliferation in
many human cancer types [5, 6]. Extensive study of cancer genomes can reveal the
locations and characteristics of these mutations. Next-generation sequencing (NGS)
technologies revolutionized the field of cancer genomics by the rapid and cost-effective
sequencing of cancer genomes. They also subsequently facilitated the development
of bioinformatics tools for analyzing the massive amount of sequence data to delineate the mutational landscape of cancer genomes. NGS-based studies can not resolve
cancer to the single-cell level because of the admixture signal coming from a heterogeneous population of cells [4]. Recently developed single-cell sequencing technologies
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aim at addressing the issues persistent with bulk-tissue sequencing data [4]. With the
ability to resolve the genome to the single-cell level, this new paradigm of sequencing
technology can aid in the advancement of several aspects of cancer research, ranging from understanding cancer biology (e.g., resolving the heterogeneity of a tumor)
to clinical diagnosis and treatment (e.g., early detection mechanism and non-invasive
monitoring of cancer tissue) [4]. In spite of the development of the single-cell sequencing technologies, there are very few bioinformatics tool that can analyze single-cell
sequencing data by addressing the specific challenges (allelic dropout, amplification
errors) posed by the data [7]. In this thesis, we make progress towards filling the gap
by presenting a novel statistical method for calling single nucleotide polymorphisms
(SNPs) and genotyping from single-cell sequencing data.

1.1

SNP calling from next-generation sequencing
data

The study of genomes of various populations and organisms was highly accelerated
due to the development of faster and economical sequencing technologies in the last
decade. This class of sequencing technologies are better known as next-generation
sequencing (NGS). The massive genomic data produced by the large-scale sequencing
projects helped in illuminating the mutational spectrum of various human diseases
[8, 9]. Cancer, caused by mutations of the genome at different levels, is one such
disease. NGS data-based analyses have provided significant insights for understanding
cancer biology, diagnosis of cancer, and therapeutic treatments [1].
3

Among the different genetic variations associated with cancers, somatic point
mutations (SNPs and single base insertion-deletion) are the most common essential
drivers that can change gene functions in different cancer types [5, 6]. To understand
the mutational landscape of cancer, it is very important to find the somatic SNPs,
but their identification is difficult because the frequency of occurrence of SNPs is
low (0.1 − 100 mutations per 106 nucleotides based on the cancer type) [10]. To add
to the complexity, the mutations might not be present in all the cells, rather they
might occur only in a fraction of the genome. This happens due to the mixture of
normal and tumor cells and presence of multiple clonal and sub-clonal (a group of
cells sharing a common ancestry form a clone. A sub-clone is a group of cells within
a clone that have some mutations in common.) population in the tumor tissue [11].
Different errors associated with the sequencing technologies make this problem even
harder. To obtain a complete and accurate record of the SNPs from NGS data,
it is required to account for the different errors. Errors creep in different stages of
sequencing - starting from determination of a nucleotide to the mapping of a short read
to the reference genome. The reads may be misaligned and the base-quality scores
are sometimes inaccurate and vary depending on the sequencing platform, machine
cycle and sequence context [12, 13]. The high rate and context-specific nature of
sequencing errors in NGS data pose a difficult challenge to identify the true variants
in the midst of technology artifacts. The misaligned reads and improper base-quality
scores interfere with the SNP discovery and genotyping and often result in erroneous
call-set where technology artifacts are discovered as SNPs [2]. The solution is to come
up with statistical methods that are sensitive as well as specific in calling SNPs [2].
4

Several statistical methods have been proposed for SNP calling and genotyping
from NGS data. Some of the popular methods are Samtools [14], GATK [3], AtlasSNP2 [15], SNVMix2 [16], SOAPsnp [17], QCall [18], etc. All these methods employ
probabilistic models to find SNPs and genotype the individual genomes. In spite
of the use of sophisticated statistical models, these methods are not suitable for
resolving intratumor heterogeneity. The average signal in the data coming from a
complex admixture of cells causes this limitation. Recent development of single-cell
sequencing promises to address this issue. But none of the above SNP calling methods
were developed for single-cell sequencing data and they do not address the specific
challenges posed by this new data.

1.2

Single-cell sequencing: applications and requirements

In NGS-based studies, the genomic data comes from a complex population of cells.
The complex population contains both normal and tumor cells; the tumor tissue also
can harbor different clonal and sub-clonal populations. As a result, the data reflects
an admixture signal which limits the capability of disentangling the number of tumor
cell populations [4]. Single-cell sequencing is a new powerful technology that addresses
this issue of average signal and promises to overcome other persisting issues in cancer
research [4] such as:
• resolving intratumor heterogeneity;
5

• finding rare tumor cell populations;
• comparing mutation rates of normal and tumor cells;
• tracing the evolutionary history of tumor;
• early detection using non-invasive biopsy; and
• understanding metastasis and other complex biological processes that occur
through single cancer cells.
All these investigations were previously impossible due to the lack of cancer genomes
from single cells. In spite of the possible applications of single-cell sequencing data,
the bioinformatics analysis is plagued by several inherent specific challenges that are
posed by the technology. These challenges [4] include:
• amplification errors;
• uneven coverage; and
• allelic dropout.
We define and discuss the errors mentioned above in detail in section 2.3.4. There
is a serious need for new sophisticated methods for analyzing single-cell sequencing
data. Any SNP calling algorithm for single-cell sequencing data needs to account for
the different errors in whole genome amplification. The genotyping of each individual
single cell has to be done very carefully to identify the presence of clonal and subclonal mutations.

6

1.3

Contributions of the thesis

In this thesis, we propose a novel statistical model for SNP calling and genotyping from single-cell sequencing data. This novel method is designed to account for
different inherent errors associated with single-cell sequencing data. Existing SNP
calling methods such as GATK [3], Samtools [14], etc., have been extensively used for
calling SNPs from bulk sequencing data, but they are not suitable for calling SNPs
from single-cell sequencing data. They do not account for the intrinsic errors like
allelic dropout or de-amination error of single-cell sequencing data [7]. None of these
methods accounts for the errors that creep in during sample preparation (amplification errors). When applied to single-cell data, these methods can produce a large
number of false positive calls owing to technical artifacts.
Our method accounts for allelic dropout rate, de-amination error and other amplification errors in the calculation of genotype likelihood. The proposed method
leverages data from multiple single-cells to discover the SNPs with high confidence.
Use of data from multiple cells also deals with the problem of uneven or low coverage.
Finally, the genotyping has to be done very carefully to distinguish among the cells
in terms of presence or absence of a mutation. In this step, the proposed method
utilizes evidence from other cells to infer the genotype of a particular single cell.
Our novel SNP calling method achieves better precision and recall compared to
state-of-the-art SNP calling algorithms GATK [3] and Samtools [14]. By explicitly accounting for the amplification errors, our method reduces the number of total
false positives by about 50% compared to GATK. This reduction in false positives is
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achieved without affecting the SNP detection power, as our algorithm also discovers
the most number of SNPs for the performed experiment. The improved genotyping method can correctly genotype a cell in spite of the presence of machine errors.
This improvement results in about 35% reduction of false positives per single cell as
compared to GATK.
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Chapter 2
Background
Different genetic alterations in the human genome can affect the phenotypic response. These alterations can also increase an individual’s susceptibilities to cancers
and other diseases. Single nucleotide polymorphisms (SNPs) are the most common
type of genetic variation for changing gene function in cancer. Several SNPs have
been reported to be associated with different types of cancer [19, 20]. Therefore, detection of SNPs is a fundamental step in characterizing the cancer genome. Moreover,
SNPs have been found to influence protein coding [21], transcriptional regulation [22],
alternative splicing [23] and non-coding RNA regulation [24]. All these-lines of evidence establish the importance of SNPs as a fundamental biological event that alters
the natural function of the genome.
Due to the recent development of massive parallel sequencing technologies, the
study of the human genome has entered a new era. Numerous large medically focused
projects like the 1000 Genomes Project [8] and The Cancer Genome Atlas [9] attempt
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to delineate the mutational landscape of the human genome. All these genomic
studies rely crucially on the accurate detection of SNPs and the genotypes. The
process of finding SNPs in an individual’s genome is better known as SNP calling [2].
Genotyping refers to the process of determining the genotype of the individual at a
genomic site that contains a SNP [2]. This chapter briefly reviews the next-generation
sequencing (NGS) technologies and existing statistical methods for SNP calling and
genotyping in the context of NGS data. Further, the chapter describes the promises
of single-cell sequencing data and the challenges in the analysis of the data.

2.1

Next-generation sequencing (NGS) and applications to cancer

This subsection describes the various aspects of next-generation sequencing (NGS).
The content of this subsection is mainly based on [1, 25].
Over the past few years, next-generation sequencing has revolutionized the field
of genome analysis studies [1]. Next-generation sequencing or second generation sequencing refers to a number of sequencing technologies that have emerged since 2005
and are capable of rapidly producing enormous amount of sequence data through parallel sequencing [25]. Prior to these technologies, the automated Sanger sequencing,
also called first-generation sequencing, was the dominant technology for more than
twenty years. Low throughput and high cost of first-generation sequencing technology catalyzed the development of new sequencing technologies to satisfy the growing
demand for faster and cheaper production of accurate genomic data. Some of the
10

commercially available technologies for next-generation sequencing [25] include:
• Roche/454;
• Illumina/Solexa;
• Life/APG; and
• Helicos Biosciences.
All of the aforementioned sequencing technologies follow a general pipeline of methods
that include preparation of the DNA template, fragmentation into short segments,
sequencing of the segments, imaging and data analysis [25]. Each technology has
its own specific combination of protocols that results in platform specific data. The
output of each of these technologies is a library of millions of short sequence reads
(50-400 bases).
Thanks to NGS, it is now possible to perform large scale comparative and evolutionary genomic analyses. It has also enhanced our knowledge about the effects of
genetic differences in various diseases. Cancer genomics has highly benefited from the
data produced by NGS technologies. With the help of NGS technologies, the different
genomic alterations associated with cancer can be identified. NGS technologies can
help to detect various types of somatic mutations like point mutations, copy number
alterations and genomic rearrangements [26].
Various factors control the way NGS can be applied to study cancer:
• type of input material (e.g., DNA, RNA, etc.);
• region of the genome targeted (whole genome, exome or transcriptome); and
11

• type of genomic alteration being studied.
Three main strategies for NGS are described below.

Whole-genome sequencing. Whole-genome sequencing refers to the complete
sequencing of the genome coming from a tissue. Potentially it can help in discovering
all kinds of genomic alterations, starting from single nucleotide mutations to different
structural variations. The large amount of sequencing required for this process makes
it costly. As a lower-cost alternative, shotgun sequencing can be used but it provides
incomplete coverage (number of reads covering a nucleotide < 30) [27]. Depth of coverage and physical coverage are two important factors to consider with whole-genome
sequencing. Depth of coverage refers to the average number of reads representing a
nucleotide of the targeted region [1]. Physical coverage counts the average number
of times a base is read [1]. To achieve high sensitivity in detecting mutations, cancer
samples require high depth of coverage. High depth of coverage incurs a high cost.

Exome sequencing. Exons are the coding regions of the genes. Targeted sequencing of the exons is known as exome sequencing. This type of targeted sequencing can
achieve higher sequence coverage of the region of interest at lower cost and higher
throughput. Previously, capillary-based sequencing of exons resulted in the discovery of activating somatic mutations in various cancers [1]. These studies discovered
mutations in different gene families such as BRAF serine-threonine kinase [28], the
EGFR [29], ERBB2 [30] and JAK2 [31]. However, next-generation sequencing-based
studies of exons can provide more comprehensive analysis of the exome region and
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it is becoming increasingly popular [32, 33]. Since the exome consists of only ∼ 1%
of the genome, very high coverage can be achieved readily and this makes it highly
suitable for mutation discovery in cancer samples.

Transcriptome sequencing. NGS of the transcriptome (RNA-seq) can provide
useful knowledge for understanding cancer. It can be applied to mutation detection
and can efficiently detect intragenic fusions that result from genomic translocations
[34, 35, 36, 37].

2.1.1

Detection of various genomic alterations

NGS data can be used to discover a wide range of genomic alterations as shown
in Figure 2.1.
Single nucleotide polymorphisms (SNPs), which are substitution mutations involving only one nucleotide, are the most commonly occurring somatic mutations
in cancer (1 somatic SNP is observed per million nucleotide) [5, 6]. The next most
common mutations are the small insertions and deletions. Computational methods,
when applied to NGS data, can discover these types of mutations, but one has to
account for different errors associated with the method. Events that can give rise to
a false-positive error include:
• incorrect base-calling due to sequencing error;
• local alignment of reads to an incorrect region of the reference genome;
• discordant alignment of read pairs; and
13

Reference	
  sequence	
  
Chr1	
  

Chr4	
  

G	
  

Non-‐human	
  
sequence	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  A	
  
A	
  
A	
  
A	
  

A	
  
A	
  
A	
  

Single	
  Base	
  
Substitution	
  

Indel	
  

Homozygous	
   Hemizygous	
  
deletion	
  
deletion	
  

Gain	
  

Translocation	
  
breakpoint	
  

Pathogen	
  

Copy	
  number	
  variations	
  

Figure 2.1: Types of genomic variations that next-generation sequencing can
discover. Colored tips of the sequenced fragments (bars in picture) represent the sequenced
ends and the orange scale represents the unsequenced part. Reads are aligned to reference
human genome. The colors of the reads indicate the regions of alignment. Various genomic
alterations that can be detected are single base substitution (G to A), small indels (insertion and deletion), copy number variations, structural variations and presence of genomic
material from pathogens (from left to right). This figure has been reproduced from [1].
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• insufficient support for the germline allele that is different from the reference
allele in the normal sample (effect of inadequate coverage).
Insufficient coverage also gives rise to false-negative errors. After finding a mutation,
its significance has to be measured to differentiate it from machine artifacts.
NGS methods can also improve copy number analysis owing to its ability to detect insertions or deletions at the level of a single nucleotide [27, 38]. Breakpoints of
different copies can be precisely determined using NGS methods [27, 38]. Copy number variation in cancer can be analyzed using high-coverage or low-coverage whole
genome sequencing [27, 38].
NGS methods made possible the discovery of chromosomal rearrangements in
cancer genomes. The different structural variations that can be discovered from NGS
data include [39]:
• insertions;
• deletions;
• tandem duplications;
• insertions of external sequences (e.g. viral sequences);
• inter-chromosomal rearrangements; and
• complex rearrangements, including combinations of the aforementioned events.
Whole genome sequencing is the most comprehensive strategy for discovering these
structural variations, as exome sequencing can only detect the ones within or near
exons.
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2.2

SNP calling and genotyping: existing methods

Single nucleotide polymorphism (SNP) refers to the genetic variation in which a
single nucleotide - A, T, G or C in the genome differs between two individuals of
the same species or paired chromosomes (Figure 2.2). This type of variation occurs
commonly within a population. SNPs are also the most commonly occurring somatic
mutations in cancer.

Figure 2.2: Illustration of SNP in the genome. DNA molecule 1 differs from DNA
molecule 2 at a single base-pair location (a C/T polymorphism). This figure is taken from
Wikipedia (http://en.wikipedia.org/wiki/Single-nucleotide_polymorphism).

‘SNP calling’ refers to the process of identifying the sites which contain SNPs [2].
Basically, it aims to determine the positions where one of the bases differs from the
reference sequence. ‘SNP calling’ is also referred to as ‘variant calling’. ‘Genotyping’
refers to the process of determining the genotype for each individual at each site.
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Typically genotyping is done only for the sites which have been found to contain a
SNP or variant [2]. The word ‘calling’ is used to signify the estimation of unique
SNP or genotype. To identify a set of SNPs from NGS data, the raw data has to go
through a number of steps in the pipeline as shown in Figure 2.3.
SNP calling and genotyping can be done using simple cutoff rules or they can
be done in a statistical framework. Methods based on simple cutoff rules perform
poorly for moderate or low sequencing depth samples [2]. Also these methods do
not provide any measure of uncertainty while inferring the genotype [2]. Most of the
recent methods use probabilistic models to find SNP and genotype the individuals. If
the inferred genotype is heterozygous or homozygous non-reference, then the site is
assumed to contain a SNP. Humans are diploid organism meaning each chromosome
has two copies. The genotype of a locus of the genome is called homozygous if
both the alleles are identical. If the alleles are identical to the reference allele then
the genotype is homozygous reference, otherwise the genotype is homozygous nonreference. If one of the alleles is identical to the reference and the other one is different,
then the genotype is called heterozygous. The three different genotypes are illustrated
in Figure 2.4.
In the context of multiple genomes, SNP calling and genotyping have to be performed in two steps. First, a SNP can be found and then each individual genome is
genotyped. The typical process of SNP calling and genotyping involves the calculation
of genotype likelihood, p(d|g), for a genotype g. d represents all the information about
the reads for a particular individual at a particular site. The posterior probability
of g, p(g|d) is calculated using Bayes’ rule with the aid of genotype prior p(g) and
17

Image	
  Analysis	
  and	
  base	
  calling	
  
Read	
  Mapping	
  
Realign,	
  remove	
  duplicates	
  and	
  recalibrate	
  quality	
  scores	
  
Multi-‐sample	
  calling	
  

Single-‐sample	
  calling	
  

Promote	
  candidate	
  SNP	
  set	
  	
  
and	
  genotype	
  calls	
  using	
  multi-‐
sample	
  analysis	
  
Re>ine	
  candidate	
  SNP	
  set	
  	
  
and	
  genotype	
  calls	
  using	
  
linkage-‐based	
  analysis	
  

Find	
  candidate	
  SNP	
  set	
  	
  
and	
  genotype	
  calls	
  using	
  single-‐
sample	
  analysis	
  

SNP	
  >iltering	
  and	
  SNP	
  or	
  genotype	
  quality	
  score	
  recalibration	
  

Figure 2.3: Steps for SNP calling and genotyping from raw NGS data. In the
preprocessing steps (shown in green), raw data from next-generation sequencing is transformed into a set of reads aligned to a reference sequence. Each aligned read is associated
with a quality score representing the measure of confidence in the alignment. Each base of
each read has an associated quality score measuring the confidence in determining the base.
These base quality scores produced by base-calling algorithms may need to be recalibrated
to accurately reflect the true error rates. SNP calling can be categorized into two classes,
multi-sample calling (blue) or single sample calling (pink). For multi-sample calling, the
accuracy of SNP calling can be improved with the help of linkage-based analysis. An optional post-processing step (yellow) can be used to filter the SNP call set and/or recalibrate
the SNP associated quality scores. This post-processing step uses known data and simple
heuristics. Optional steps are shown in dashed lines. This figure has been reproduced from
[2].
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Figure 2.4: Three possible genotypes for a given reference allele r and an alternate allele a. Diploid organisms (e.g., human) contain two copies of each chromosomes in
a cell. This figure illustrates the three possible genotypes of a locus of the genome marked
by the black dot. r is the reference allele and a is the alternate allele, which is different from
r. g denotes the genotype of the locus. If both the alleles are identical to r, the genotype
is called homozygous reference. If one of the alleles is identical to r and the other one is
identical to a, the genotype is heterozygous. If both the alleles are different from r, the
genotype is homozygous non-reference.
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genotype likelihood. The genotype with the highest posterior probability is generally
inferred as the genotype [2]. The confidence in the inference of genotype is measured
in terms of the posterior probability. Some popular methods for SNP calling and
genotyping from NGS data are:
• Samtools [14];
• GATK [3];
• Atlas-SNP2 [15];
• SNVMix2 [16];
• SOAPsnp [17]; and
• QCall [18].
The above methods differ in the way Bayes’ theorem is applied. Samtools, SNVMix2
and Qcall apply Bayes’ theorem over the genotype categories - homozygous reference
and non-reference and heterozygous reference. GATK and SOAPsnp apply Bayes’
theorem over all the possible genotypes. Atlas-SNP2 applies Bayes’ theorem over the
possibilities of a SNP being present or absent. All these algorithms use base-quality
and mapping quality to account for the error associated with the data. Different
errors that can occur during the sample preparation are not accounted for in any of
these methods. The SNP calling and genotyping methods of Samtools and GATK
are described below in brief.

20

2.2.1

SNP calling and genotyping in Samtools

For one sample of a diploid organism, let us assume that at a site, the sequencing data d consists of N bases, l of them are identical to the reference and the rest
are different. Samtools assumes the sites of a genome to be independent, as a result, calculation for each site can be done independently. Samtools also assumes the
errors associated with different reads to be independent. This error independence
assumption leads to the calculation of the genotype likelihood as follows

p(d|g = 0) =

l
Y
i=1

p(d|g = 2) =

ei

N
Y

l
N
Y
Y
ei
(1 − ei )
i=1

p(d|g = 1) =

(1 − ei )

i=l+1

(2.1)

i=l+1

1
2N

In equation (2.1), ei is the non-zero error associated with the ith observed base. In
Samtools, the genotype is represented by the number of reference alleles present at
the site (g = 0 refers to homozygous non-reference, g = 1 refers to heterozygous and
g = 2 refers to homozygous reference genotype). An example genotype likelihood
calculation of Samtools is shown in Figure 2.5.
For multi-sample SNP calling with total k samples, Samtools finds the probability
of observing 2k reference alleles at the site
φ2k P r(D|X = 2k)
P r(X = 2k|D, Φ) = P
l φl P r(D|X = l)
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(2.2)
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Figure 2.5: An example genotype likelihood calculation for Samtools. Three
reads support the site of reference sequence pointed by red arrow. The reference allele at
the site is ‘T’ and alternate allele is ‘A’. The three possible genotypes are {‘TT’,‘AA’,‘TA’}.
The observed bases in the three reads are ‘T’, ‘A’ and ‘T’ respectively. e1 , e2 and e3 are
the base calling error probabilities associated with the observed bases respectively. The
genotype likelihoods are calculated using equation (2.1).
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In equation (2.2), D is the data at the site coming from k samples and φl , l = 1, ..., 2k
is the probability of observing l reference alleles among 2k chromosomes/haplotypes.
Φ = {φl }, is the allele frequency spectrum. Then the variant quality is defined as
Qvar = −10log10 P r(X = 2k|D, Φ)
The site is considered a variant if the variant quality exceeds a threshold value.
The genotype of sample j is estimated as

gˆj = argmaxgj P r(Gj = gj |dj , φe )

(2.3)

φe is the expected reference allele frequency and it can be calculated as

φe = E(X|D, Φ)/2k

2.2.2

(2.4)

SNP calling and genotyping in GATK

GATK uses Bayes’ rule for variant discovery and genotyping. GATK differs from
Samtools in the calculation of the genotype likelihood. The algorithm simultaneously
estimates the probability that two alleles a and b are segregating in a population of k
samples and the genotype likelihood of each sample. The genotype likelihood of j th
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sample is calculated as
p(dj |gj ) =

Y
i

p(dj,i |gj )

p(dj,i |gj = ab) = (p(dj,i |a) + p(dj,i |b))/2



1 − ej,i
dj,i = b
p(dj,i |b) =


ej,i P r(b is true|dj,i is miscalled) otherwise

(2.5)

p(dj,i |a) and p(dj,i |b) are the probabilities of observing base dj,i , given that the true
allele is a or b respectively. ej,i is the error associated with observed base dj,i . An
example genotype likelihood calculation of GATK is shown in Figure 2.6. The variant
calling approach is similar to that of Samtools and uses the genotype likelihoods from
equation (2.5).

2.3

Single-cell sequencing and applications to cancer

If cancer can be studied at the level of individual single cells, many significant
biological questions can be answered and insights about various stages of cancer
like development, evolution of clonal population, metastasis and immunity against
treatment can be obtained. Recent advances in sequencing technology have enabled
the generation of quantitative genomic datasets at the single-cell level. This section
briefly discusses the different aspects of single-cell sequencing, the sequencing tech-
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Figure 2.6: An example genotype likelihood calculation for GATK. Three reads
support the site of reference sequence pointed by red arrow. The reference allele at the
site is ‘T’ and alternate allele is ‘A’. The three possible genotypes are {‘TT’,‘AA’,‘TA’}.
The observed bases (represented by di ) in the three reads are ‘T’, ‘A’ and ‘T’ respectively.
e1 , e2 and e3 are the base calling error probabilities associated with the observed bases
respectively. The genotype likelihoods are calculated using equation (2.5). pbdi values are
discussed in [3].
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nology, promises and future medical applications; finally it describes the challenges in
the bioinformatics analysis of single-cell sequencing data. The content of this section
is mainly based on [4].

2.3.1

The need for single-cell sequencing

Next-generation sequencing technologies enabled the discovery of a wide range of
genomic aberrations and over the past few years, analysis of cancer genomes delineated a comprehensive picture of cancers. Most of the sequencing technologies so
far used bulk DNA or RNA extracted from a population of millions of cells. The
genome obtained from a population of cells provides a commixture signal. Inside
solid tumors, cancer cells coexist with different other types of cells such as endothelial cells, lymphocytes, non-cancerous fibroblast cells, etc [4]. This admixture gets
further complicated due to different selection forces operating at different locations of
the tumor. The noise from the admixture distorts the actual signal from the cancer
cells and confounds the comparison between tumor cells.
Different clones and sub-clones present inside the tumor [40, 41] further complicates the situation. An average signal or signal from a single dominant clone can
become the most imperative component of the admixture signal, representing an erroneous picture of the actual scenario because the dominant clone might not be the
most malignant one. This intra-tumor heterogeneity is difficult to resolve using bulk
genome sequencing.
Single-cell sequencing aims at resolving the key issues that are potentially unsolvable by bulk sequencing. Benefits of such advancement include:
26

• elucidation of the heterogeneity of the tumor;
• evaluation of the evolutionary history of tumor cells;
• measurement of the mutation rates of tumor and normal cells with higher accuracy; and
• identification of rare tumor cells.
Complex biological events that occur via single cells can be studied better with this
type of technology. Examples include metamorphosis of a normal cell to a tumor cell,
development of clonal sub-population within the primary tumor, metastasis and then
transmission to a distant site and the chemo-resistant development (Figure 2.7).

2.3.2

Single-cell sequencing technologies

To obtain the genomic material from a single cell, first it has to be extracted from
the population of cells. Some established methods for isolation of single cells [42] are
• micromanipulation;
• flow-assisted cell sorting (FACS);
• serial dilution; and
• laser-capture microdissection (LCM) and micro-fluidic devices.
Even though these methods are efficient at isolating single cells from a population,
rare cancer cells (e.g., circulating tumor cells) are still difficult to isolate.
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Figure 2.7: Single-cell processes in cancer. Individual cancer cells are medium for
many complex biological processes including (a) transformation from a normal somatic
cell into a tumor cell; (b) Introduction of heterogeneity in the tumor due to the clonal
progressions resulting from selective advantages; (c) single-cells from the primary tumor
travels to distant organ sites via circulatory system to form metastatic tumors; and (d)
single tumor cells with resistance-mutations achieves chemo-resistance and reconstitute the
tumor mass through expansion even after the primary tumor is eliminated. This figure has
been reproduced from [4].
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Table 2.1: Single-cell DNA sequencing methods. a Name of the method; b amplification
method; c enzyme used for amplification; d description of whether the method was designed
for analysis of cells or nuclei; e description of the type of molecular information that is best
measured using the method; f reference to the total number of bases that can be covered
with sequencing data using the approach; g indication of whether any commercially available
kits have been developed to perform the method. Abbreviations: BGI Beijing Genome
Institute, Bst Bacillus stearothermophilus DNA polymerase, DOP − P CR degenerativeoligonucleotide PCR, M ALBAC multiple annealing and looping-based amplification cycles,
M DA multiple-displacement amplification, P CR polymerase chain reaction, SN S singlenucleus sequencing, W GA whole-genome amplification. This table has been reproduced
from [4].

Approacha

WGA
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Nucleid

Applicationse
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breadthf
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References
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DOP-PCR
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DOP-PCR
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WGA4 Sigma

[43]

Copy number profiling
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Bst NEB

[44]

BGI MDA
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Repli-G Qiagen

[45]
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Genome/exome

> 90%

Repli-G Qiagen

[46]

The amount of DNA present in a single normal human cell is low compared to the
requirement of modern genomic technologies. Whole-genome amplification (WGA)
is needed to obtain sufficient amount of DNA for the analysis of a single-cell. WGA
of single-cell DNA is based on Multiple Displacement Amplification (MDA), Polymerase Chain Reaction (PCR), or a combination of principles of both displacement
amplification and PCR [4]. Various techniques for WGA are summarized in Table 2.1.
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2.3.3

Applications of single-cell sequencing

Resolving intratumor heterogeneity and clonal evolution in primary tumors
Different morphological, genetic, genomic and proteomic studies have reported
the presence of intratumor heterogeneity in different cancer types [47, 48, 49, 50].
For heterogeneous tumors, a single sample does not represent the tumor as a whole
and thus poses a serious challenge to clinical diagnostics. On the other hand, this
heterogeneity provides a sterling opportunity to trace the evolution of cancer cells,
but the admixture signal confounds the research investigations. If single-cell genomes
can be isolated and analyzed separately, it can resolve the problem with complex
admixture signal. Navin et. al. [43] applied SNS to study the evolution of aneuploidy
in patients with triple-negative breast cancer. Another study based on NUC-SEQ [46]
in the context of breast cancer revealed contrasting characteristics of copy number
variations to point mutations. Clonal heterogeneity and tumor evolution in renal
carcinoma and myeloproliferative neoplasm have also been studied using single-cell
exome sequencing [51, 45].
Tumor heterogeneity is also instrumental to developing chemo-resistance. Diverse
allele frequency might contribute to a higher chance of surviving a targeted therapy
or a cytotoxic agent that works as a catastrophic selection pressure in the light of
evolution [52]. Single-cell sequencing can answer questions such as whether resistant
clones pre-exist in primary tumor or they are the side-effects of adjuvant treatment
that causes de novo mutations, how the heterogeneity affects the response of the
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tumor to adjuvant therapy, etc. In principle, rare chemo-resistant clones can also be
detected with higher sensitivity with the help of single-cell sequencing. Moreover, a
more comprehensive picture of the total genomic diversity can be obtained by profiling
thousands of single cells from a patient’s tumor before and after the adjuvant therapy.
Single-cell sequencing has also been used in tracing cell lineage in acute myeloid
leukemia (AML). In the study by Hughes et. al. [53], SCS helped in reconstructing
the order of mutations as the clones evolved from ancestor population. In another
study by Jan et al. [54], targeted SCS helped in identifying founder and subsequent
mutations in hematopoietic stem cells.

Measuring mutation rates in single-cells
Pan-cancer and The Cancer Genome Atlas studies [55, 56] have shown that most
human cancers have higher mutation frequencies than normal tissue. Whether this is
a result of elevated mutation rate or higher number of cell divisions is not clear [4].
Single-cell sequencing can shed some light on this issue. Previously, studies based on
bulk sequencing have reported the mutation rate to be 210-fold higher than normal
cells on average [57, 58]. SCS can provide more definitive measures of mutation rates
as it gives an opportunity to compare mutation frequency from one cell to another.

Tracing metastatic dissemination
Circulating tumor cells (CTCs) are the cells that shed from the primary tumors
and travel to distant organ sites via the circulatory system (blood). They present an
opportunity to obtain a non-invasive ‘fluid biopsy’ that would provide an indication
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of cancer activity in a patient. The frequency of occurrence of CTCs in the blood is
extremely low, and as a result, their isolation from blood becomes difficult. Several
important biological questions regarding CTCs remain unanswered - the timing of
dissemination, the direction of transmission between primary and secondary tumor
sites [59], the nature of the metastatic clones - minor subpopulation in the primary
tumor or generated from a major subpopulation through random desquamation into
blood. SCS methods have helped to achieve genome-wide dataset for CTCs and
they help to answer the aforementioned questions. single-cell transcriptomics study
of CTCs [60] revealed differential expression levels from the primary tumor cell line.
Another SCS based study on colon cancer CTCs [61] advocated the clinical utility of
CTCs for non-invasive monitoring.

Clinical applications of single-cell sequencing
SCS methods are expected to have very important clinical applications in cancer
management within the next five years [4]. These applications include the following:
• measuring intratumor heterogeneity: SCS can be used for measuring the
intratumor heterogeneity in patients and these measures might help in predicting the response to chemotherapy and survival in patients [62].
• non-invasive monitoring: SCS can provide non-invasive monitoring of CTCs
and this can eradicate the risks associated with invasive biopsy where samples
are directly collected from the organ sites. Temporal monitoring of the samples
can help to make impromptu changes in therapeutic strategies in response to
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new mutations.
• analyzing rare clinical samples: SCS can also help to obtain rare clinical
samples and can also potentially improve the procedure for early detection of
cancer. After the early detection of the tumor, the organ site from which the
CTC has shed can be recognized with the help of mutation spectrum. Then
with proper imaging and using other biomarkers, the tumor can be recognized
at its earliest stage to remove it through surgery or its growth can be stopped
by targeted therapy.
• guiding targeted therapy: SCS based studies can be used to reverse engineer
a phylogenetic tree and cell lineages for targeted drug therapy.

2.3.4

Challenges with single-cell sequencing data

The development of the single-cell genome and exome sequencing is a challenging
task mainly due to the fact that each single cell has only two copies of each chromosomal DNA molecule. Whole Genome Amplification (WGA) is at the heart of each
single-cell sequencing technology and this amplification process makes the bioinformatics analysis of the single-cell data challenging. The WGA process introduces a
number of technical errors which are described below.
• Problem with coverage: Low physical coverage and uneven coverage are
the two main problems for single-cell sequencing data. It is difficult to achieve
high coverage breadth (nucleotide sites with at least 1X coverage) for genome
or exome sequencing of a single cell [4]. The lack of coverage breadth plagues
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the process of mutation discovery across multiple single cells. All the single
cells should have high physical coverage in a region for calling SNPs with high
confidence.
Another severe problem is non-uniformity of coverage (Figure 2.8). Some genomic regions are amplified more than the others, and as a result, genomic
regions that are not amplified are not sequenced. This leads to deviations from
the Poisson coverage distributions that are normally observed in NGS data,
requiring higher coverage depths to achieve sufficient coverage in regions with
low read counts [4].
• Allelic dropout: Allelic dropout (ADO) refers to the lack of amplification of
one allele in a heterozygous mutation. The polymerase used in amplification
might fail to amplify both the alleles of a heterozygous site (ra), resulting in
a homozygous genotype (rr or aa) (Figure 2.9). Allelic dropout (ADO) events
are the greatest issues with SCS data. They can be found in 10-50% of the
mutation sites [44, 45]. In [63], the authors reported that ra− > aa dropout
events are slightly higher compared to ra− > rr events (r is the reference allele
and a is the non-reference allele). They also found ADO to occur recurrently
at similar positions in multiple single-cells. These regions can falsely represent
biological heterogeneity in the population of cells. They need to be identified
as the artifact of technical errors. The ADO events can distort the signals from
copy number.
• FP and FN errors: In spite of the use of high fidelity polymerase (Phi29 with
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ase chain reaction, PMA Phi29 DNA-polymerase-based mRNA transcriptome amplification, RT MMLV reverse transcriptase Moloney murine
e-nucleus sequencing, WGA whole-genome amplification.
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However, by far the greatest errors that
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errors and coverage in single-cell sequencing data. (a) Technical errors that occur in single-cell sequencing (SCS) data
e errors, allelic dropout events and false-negative errors due to insufficient coverage. ‘Pop’ indicates a population of cells. (b)
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Figure 2.8: Coverage issues in single-cell sequencing data. (a) Coverage metrics
in SCS data include coverage depth and total physical coverage, or breadth. (b) In SCS
data, coverage can vary from cell to cell, resulting in an uneven coverage distribution.
Again, coverage does not follow Poisson distribution as commonly observed in NGS data.
On the other hand, coverage is generally more uniform in next-generation genomic DNA
sequencing experiments that use populations of cells (indicated by ‘Pop’). This figure has
been reproduced from [4].
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Figure 2.9: Technical errors in single-cell sequencing data. Technological artifacts
that occur in single-cell sequencing (SCS) data include: allelic dropout (ADO) events, falsepositive errors and false-negative errors. Allelic dropout results in one of the allele being
amplified preferentially, as a result only one allele (r or a) is observed in the single-cell
data. False positive errors are random and occur due to infidelity of the polymerase used
in amplification. If the original genotype was a homozygous reference genotype, due to
false-positive error, in the single cell, heterozygous genotype might be inferred resulting in
discovering a false-positive SNP. False-negative errors occur due to insufficient coverage.
If originally the genotype was heterozygous, it won’t be discovered from the single cell
resulting in a false-negative SNP. ‘X’ denotes missing allele in single cell. ‘Pop’ indicates a
reference population of cells (bulk sequencing data). This figure has been reproduced from
[4].
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error rate 10−7 per base) enzymes in WGA, single-cell sequencing introduces
a certain amount of false-positive (FP) errors (single base-pair errors). If the
original genotype was a homozygous reference genotype, due to false-positive
error, in the single cell, heterozygous genotype might be inferred resulting in
discovering a false-positive SNP. The false positive errors are mostly present in
the pool due to the accumulative effect during the initial stages of genome duplication. Once such error occurs during the amplification, subsequent molecules
derive the error. The FP errors generated by the WGA approach called multiple
displacement amplification (MDA), show a very strong bias for C > T (G > A)
transitions [45], these FP errors are called de-amination error. Majority of the
FP errors occur at random sites in the single-cell genomes, with few mutations
occurring at recurrent sites in two or more cells [63].
False-negative (FN) errors mostly occur due to the lack of coverage. If originally the genotype was heterozygous, it won’t be discovered from the single cell
resulting in a false-negative SNP. Both these errors are shown in Figure 2.9.
The different amplification and sequencing errors can plague the bioinformatics
analysis like mutation calling. Technical artifacts like false-positive errors can be
detected as mutations; on the other hand, ADO can result in missing a heterozygous
mutation. All these errors must be accounted for in post-processing analysis of SCS
data as otherwise every mutation will be reported as showing heterogeneity in the
population of single cells. Only the mutations that are detected in more than one
cell can be called as true biological variants because a mutation that is detected
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in only one cell can indeed be a representative of the technical errors. Orthogonal
validation procedures must be performed to identify the true variants in single-cell
sequencing data. Orthogonal validation requires the precise construction of a set of
definitive mutations that can represent the heterogeneity of the population. This
precise set of mutations can function as a gold-standard set against which the singlecell specific mutations can be tested. Deeply sequenced bulk tumor tissue can be
used for constructing the set of gold-standard mutations. Techniques like duplex
sequencing can be potentially used for validating subclonal mutations and precisely
measuring the mutation rates in a bulk tumor cell population [4].
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Chapter 3
Methods
This chapter describes the statistical model proposed for SNP calling and genotyping of single-cell sequencing data. The proposed model is applicable for multi-sample
SNP calling, so we assume we have data from m single-cells and each single-cell
is diploid, i.e., contains two copies of each chromosome. At a site s, the sequence
data coming from the ith cell is represented as di and the genotype of the cell is
represented as gi which is an integer in {0, 1, 2} and it equals to the number of alternate alleles present among the 2 haplotypes of the site. gi = 0 and gi = 2 refer
to the homozygous reference and homozygous non-reference genotypes respectively,
heterozygous genotype is represented by gi = 1. The total observed data at site s is
D = {d1 , .., dm }. We seek to estimate the SNP probability of s given the observed
data D, i.e., p(s = SN P |D).
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3.1
3.1.1

Assumptions
Site independence

We assume complete independence between data at different sites. Sequencing
and mapping being context dependent, this assumption might not hold always for real
data [64]. For example, in case of an insertion or deletion error, nearby sites might
be correlated in alignment [64]. In practice, most of the state-of-the-art SNP calling
methods assume site independence for simplicity. Also we are interested in calling
point mutations, in which case, our analysis should not suffer from this assumption.
Li et al. [65] showed that proper use of mapping and alignment errors and post
filtering can reduce the effect of site dependence if at all present.

3.1.2

Single-cell independence and error independence

We also assume that the data coming from different single cells are independent.
At a site, the mapping and sequencing errors of different reads are independent. These
two independence assumptions hold in all the subsequent calculations described in
the next subsections.

3.1.3

Biallelic variants

Since we are interested in finding SNPs, we assume that the variants are bi-allelic.
This assumption does not have a big impact on the SNP calling because the fraction
of triallelic SNPs is very low ( 0.2% of all SNPs) [66] in the human population.
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3.2

Genotype likelihood

In each single cell, the sequencing data at a site contains an array of bases observed
on the sequenced reads and the corresponding base qualities. The probability of the
error of the base call of ith read is given by ei = 10

−qi
10

. At a site, we denote the

reference allele as r, alternate allele as a.
Let us assume, at a site s, a single cell has sequencing data d consisting of n
reads. The genotype of this cell at site s is g ∈ {0, 1, 2}. Without loss of generality,
let us assume that the first p bases are identical to the reference allele r, q bases are
identical to the alternate allele a, and the rest are different. We want to calculate the
likelihood of the genotype, which is the probability of the data, given the genotype.
For homozygous reference and non-reference genotypes (g = 0(rr) and g = 2(aa)
respectively), allelic dropout does not affect the calculation. For the case pertaining
to g = 1(ra) (heterozygous genotype), we need to account for allelic dropout. The
likelihood of g = 0 and g = 2 can be calculated as
n
Y
rr
Λ(g = 0) = p(d|g = 0) =
[ei (1 − prr
di )/3 + (1 − ei )pdi ]

(3.1)

i=1

n
Y
aa
Λ(g = 2) = p(d|g = 2) =
[ei (1 − paa
di )/3 + (1 − ei )pdi ]

(3.2)

i=1

In equation (3.1) and equation (3.2), di is the observed base in the ith read.
[1] g [2]

pgβ

represents the probability of β being the ‘original allele’ given the genotype g =

g [1] g [2] . The term ‘original allele’ refers to the allele which is called after amplification.
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Ideally β should be either g [1] or g [2] , but due to the various errors introduced in the
amplification process, β becomes a variable.
While calculating the likelihood of g = 1, we need to account for allelic dropout
(ADO). We assume that when ADO occurs, either of the alleles can get dropped with
equal probability. Also when ADO occurs at a particular site, it occurs on all the
reads. ADO should affect all the reads together. The likelihood of g = 1 can be
calculated as

Λ(g = 1) = p(d|g = 1) = pad p(d|g = 1, ADO = T rue)+(1−pad )p(d|g = 1, ADO = F alse)
(3.3)
where,
1
p(d|g = 1, ADO = T rue) = [p(d|g = 0) + p(d|g = 2)]
2
n
Y
ra
p(d|g = 1, ADO = F alse) = p̄(d|g = 1) =
[ei (1 − pra
di )/3 + (1 − ei )pdi ]
i=1

pad is the probability of allelic dropout. In equation (3.3), the first component
represents the case when allelic dropout occurs, the second component represents
the case where allelic dropout does not occur. An example of genotype likelihood
calculation is shown in Figure 3.1.
[1] g [2]

In equation (3.3) also, pβg

represents the probability of β being the ‘original

allele’ given the genotype g = g [1] g [2] . In the context of single-cell sequencing data,
β accounts for the de-amination and other amplification errors. β is a latent random variable and we assume that it follows a discreet four point distribution with
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Reference seq

…ATTTGCACATTAAAGCGCGAATAA…	
  
…GCACATTAAAGCG…	
  
…CACATAAAAGCG…	
  
…ATTAAAGCG…	
  

read 1
read 2
read 3

Reference base : ‘T’ Alternate base : ‘A’
p(d|g = 0) = (e1 (1

pTT T )/3 + (1

e1 )pTT T )(e2 (1

pTAT )/3 + (1

e2 )pTAT )(e3 (1

pTT T )/3 + (1

e3 )pTT T )

p(d|g = 2) = (e1 (1

pAA
T )/3 + (1

e1 )pAA
T )(e2 (1

pAA
A )/3 + (1

e2 )pAA
A )(e3 (1

pAA
T )/3 + (1

e3 )pAA
T )

p(d|g = 1) = pad p(d|g = 1, ADO = T rue) + (1

pad )p(d|g = 1, ADO = F alse)

1
[p(d|g = 0) + p(d|g = 2)]
2
p(d|g = 1, ADO = F alse) = p̄(d|g = 1)

p(d|g = 1, ADO = T rue) =

p̄(d|g = 1) = (e1 (1

pTT A )/3 + (1

e1 )pTT A )(e2 (1

pTAA )/3 + (1

e2 )pTAA )(e3 (1

pTT A )/3 + (1

e3 )pTT A )

Figure 3.1: An example of genotype likelihood calculation. Three reads support
the site of reference sequence pointed by red arrow. The reference allele at the site is ‘T’
and alternate allele is ‘A’. The three possible genotypes are {‘TT’,‘AA’,‘TA’}. The observed
bases in the three reads are ‘T’, ‘A’ and ‘T’ respectively. e1 , e2 and e3 are the base calling
error probabilities associated with the observed bases respectively. pad is the probability
of allelic dropout. Allelic dropout needs to be accounted for in the calculation when the
true genotype is ‘TA’, either ‘T’ or ‘A’ might get preferentially amplified in the single-cell
samples. The colored components of the equations correspond to the reads denoted by the
same colors.
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parameter pe (Table 3.1). pe represents a prior probability that β equals an allele
different from the haplotypes of the given genotype. This type of distribution has
been previously proposed in [67] in the context of bulk sequencing data.
[1] g [2]

Table 3.1: Prior probabilities for pgβ
β.

g [1] g [2]
AA
CC
GG
TT
AC
AG
AT
CG
CT
GT

3.3

[1] [2]

. Ten possible cases of pg

[1] [2]

[1] [2]

pgA g
1 − 3pe
pe
pe
pe

pgC g
pe
1 − 3pe
pe
pe

1−2pe
2
1−2pe
2
1−2pe
2

1−2pe
2

pgG g
pe
pe
1 − 3pe
pe
pe

pe
pe

1−2pe
2

pe

1−2pe
2
1−2pe
2

1−2pe
2

pe
pe
pe

pe

pe
1−2pe
2

[1] g [2]

might arise for each

[1] [2]

pgT g
pe
pe
pe
1 − 3pe
pe
pe
1−2pe
2

pe
1−2pe
2
1−2pe
2

Variant calling

As per our assumption, each single cell is diploid and we have data from m single
cells. So the total number of chromosomes at a site s is 2m. Obviously, p(s = SN P |D)
is the probability, that at least one among 2m chromosomes contains an allele which
is different from the reference allele. Let us assume, l is the number of chromosomes
containing alleles different from the reference allele. In other words, l is the number of
alternate alleles among the 2m chromosomes. Let us name this quantity as alternate
allele count (represented by l). l can vary from 0 to 2m. So, p(s = SN P |D) is the
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probability that there is at least one alternate allele given the observed data.

p(s = SN P |D) = 1 − p(l = 0|D)

(3.4)

p(l = 0|D) is the posterior probability of alternate allele count being zero. We
can use Bayes’ rule to calculate p(l = 0|D) as follows:
p(D|l = 0)p(l = 0)
p(l = 0|D) = P2m
0
0
l0 =0 p(D|l )p(l )

(3.5)

For the calculation of the numerator and denominator of equation (3.5), we need
to calculate the likelihood of the alternate allele count.

3.3.1

Likelihood of the alternate allele count

The data vector is given by D = {d1 , .., dm } and let a random genotype vector of
P
−
m cells be →
g = {g1 , .., gm } and l = m
i=1 gi is the site alternate allele count all the

cells combined. The likelihood of alternate allele count is given by equation (3.6)
Y2
1 X X
→
Λ(l) = p(D|l) =  
...
δl,am (−
Λ(gi )
g)
2m g
gi
gm
i
1
l

(3.6)

δl,k is the Kronecker delta function which equals 1 if l = k and equals 0 otherwise.
Pm
−
→
−
am (→
g) =
i=1 gi is the number of alternate alleles in the genotype vector g =
{g1 , .., gm }.

For computing the likelihood efficiently, let us define hl,j as follows:
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hl,j =


P


 2

g1 =0



0

...

P2

−
→
gj =0 δl,aj ( g )

 
2
Λ(gi )
i=1
gi

Qj

f or

0 ≤ l ≤ 2j

otherwise

(3.7)

.

hl,j can be iteratively calculated using

hl,j = hl,j−1 p(dj |gj = 0) + 2hl−1,j−1 p(dj |gj = 1) + hl−2,j−1 p(dj |gj = 2).

(3.8)

The base cases are as follows

h0,1 = p(d1 |g1 = 0),

h1,1 = 2p(d1 |g1 = 1),

h2,1 = p(d1 |g1 = 2).

Likelihood of alternate allele count can be obtained from hl,j values using:
hl,m
Λ(l) =   .
2m
l

(3.9)

This type of dynamic programming approach has previously been explored in
[18, 64].

3.3.2

Prior distribution on alternate allele count

For the calculation of the posterior probability of alternate allele count, we need
a prior distribution on the alternate allele count. We consider two prior distributions
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here.

Prior 1: The first prior is a population genetic prior for allele frequency. This prior
probability can be approximated as follows

p(l) =




θ

0 < l < 2m

l


P

1
 1 (1 − θ 2m−1
)
i=1
2
i

(3.10)
otherwise

In equation (3.10), θ represents population level mutation rate which is set to
0.001 (population level heterozygosity for humans [18]).

Prior 2: We developed another mathematical formula for prior probability based
on the shape of alternate allele frequency suggested by the biology of the single-cell
data.




2mθ

P
if l = m
m

2m+ i∈{1,2,..,2m−1}\m |m−i|



P
mθ
p(l) = 1 (1 − 2mθ − θ
if (l = 2m or l = 0)
i∈{1,2,..,2m−1}\m |m−i| )
2




mθ


|m−l|

P
otherwise
m
2m+

(3.11)

i∈{1,2,..,2m−1}\m |m−i|

In equation (3.11), the values are normalized. This is done if

2m +

X

i∈{1,2,..,2m−1}\m

m
1
≥
|m − i|
θ

.

In equation (3.11), θ represents population level mutation rate and the value used is
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p(l)

Prior probability
on the number
observed alternate
alleles (P(l))
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on ofalternate
allele count
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allele count

Figure 3.2: Plot of prior 1 for m = 12 equation (3.10). It has high probability for
homozygous reference and non-reference genomes.
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0.001 as discussed above. This can be user defined parameter for calling SNPs from
other organisms. Plots illustrating the two priors for m = 12 are given in Figure 3.2

PriorPrior
probability
on the number
of observed alternate
alleles (P(l))
probability
on alternate
allele count

p(l)

and Figure 3.3, respectively.

0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
−0.05

0

5

10

15

20

25

Number of alternate
(l) (l)
alternate
allelealleles
count

Figure 3.3: Plot of prior 2 for m = 12 equation (3.11). Homozygous reference and
non-reference genomes have the highest probability. Also heterozygous reference genome has
slightly higher probability than the rest configurations. Here, the values are not normalized
because of small value of m.
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3.3.3

Variant quality score

The value of p(l = 0|D) is calculated according to equation (3.4). If the value of
p(l = 0|D) is smaller than 0.05, then the site is called as variant. The variant quality
score in Phred scale is computed as

Qvar = −10log10 p(l = 0|D)

3.4

(3.12)

Genotyping of single cells

After a site is declared to be a variant, it is required to genotype each single cell
in the pool of cells. The point mutation might be present in all of the cells or it might
be present in a subset of cells. This genotyping will help to differentiate one cell from
another. This is a vital step for finding the clonal and sub-clonal mutations as well.
The genotype probability of each single cell can be calculated using the data from
that single cell alone, but this estimation would discard much information about the
content of other cells at that position. We employ a genotyping method that leverages
data from other single cells. The information from the other single cells can aid in
the genotype call of a particular single cell.
Let us assume that a site has already been discovered to contain a SNP of specific
type with nucleotides r(reference allele) and a(alternate allele). The genotype of a
single cell can be either of {rr, ra, aa} corresponding to v ∈ {0, 1, 2} indicating the
number of alternate alleles. The posterior probability for a genotype of j th single cell
is given by
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p(D, gj = v)
p(D)
p(dj |gj = v)p(D \ dj |gj = v)
=
p(D)
P
p(dj |gj = v) 2m−2+v
cl,v p(l)hj∗
l−v,m
l=v
=
P2m
0
0
l0 =0 p(D|l )p(l )

p(gj = v|D) =

where, cl,v is given by

cl,v


  
l
2m
−
l




v  2−


v
if v ≤ l

2m
=

2





0
otherwise

(3.13)
,

(3.14)
.

th
hj∗
cell, {1, 2, ..., j −
l,m is the value of hl,m calculated for m − 1 cells excluding j

1, j + 1, ..., m}. For the estimation of the posterior genotype probabilities of the single
cells, the values of hj∗
l,m have to be recalculated for all m possible subsets found by
excluding one cell from the data. The genotype with the highest posterior probability
is assigned to the single cell. A similar genotyping approach has been used previously
in [68] for bulk sequencing data.

3.5

Computational complexity

Our algorithm comprises of two steps. In the first step, whether a site contains
a SNP or not is determined. If a site is discovered to contain a SNP, in the second
step, all the single cells are genotyped at that site. The computational complexity
for each step for one site is described below.
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The computational complexity of the SNP discovery process for a site of genome,
s can be obtained as follows. In this step, the dynamic programming algorithm
comprises most of the computation. Let us assume, we have m single-cell samples.
The average number of reads per single cell is denoted by n¯a . If the total number
Pm
of reads at site s combining all cells is denoted by Ns , Ns =
i=1 ni , then n¯a =
Ns
.
m

During the dynamic programming, for each single cell, amount of calculation is

O(m + n¯a ). The genotype likelihood calculation of each cell is O(n¯a ) and for each
single cell, we need to fill O(m) entries of the DP matrix. We need to do this for m
single cells. Therefore, the asymptotic complexity of the SNP discovery algorithm for
a single site is O(m2 + mn¯a ) i.e., O(m2 + Ns ). Ns varies over different sites and the
SNP discovery has linear complexity on the size of Ns .
In the genotyping step, our algorithm genotypes each single cell at the site s, where
a variant has been discovered. To genotype a single cell, we need to find the genotype
likelihood, which is O(n¯a ). Also we need to redo the dynamic programming excluding
the current single cell. Therefore, cost of genotyping a single cell is O(n¯a (m2 + Ns )).
Asymptotic complexity of genotyping m single cells is given by O(mn¯a (m2 + Ns ))
i.e., O(Ns (m2 + Ns )). If we store the genotype likelihood values found in the SNP
discovery process, then the asymptotic complexity of genotyping of each single cell
is O(1).O(m2 ) i.e., O(m2 ). Therefore, asymptotic complexity of genotyping m single
cells is O(m3 ).
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Chapter 4
Experimental Results
4.1

Data

The data used in this work was generated using a novel approach called single nucleus exome sequencing (SNES) in Nicholas Navin’s laboratory at MD Anderson Cancer Center (http://www.mdanderson.org/education-and-research/
departments-programs-and-labs/labs/navin-laboratory/index.html).

The

data is described in detail in [63]. Here, we provide a brief summary.
The data comes from exome sequencing of 12 single cells. The novel approach
SNES aims at obtaining high coverage data in the target region (exome region). This
type of high coverage data is suitable for detecting point mutations in single cells.
To obtain sufficient coverage in the target region, SNES utilizes flow sorting of single
nuclei, followed by limited isothermal multiple-displacement amplification (MDA)
exome capture. Finally, steps of next-generation sequencing are applied to generate
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high-coverage data. The whole-genome amplification (WGA) efficiency is evaluated
by performing qPCR on each single nucleus. Only the single cells that passed the
quality control for WGA were used to construct the sequencing library.
The data used in our experiments were prepared by SNES of normal isogenic female fibroblast cell line (SKN2). For these cells, it can be assumed that the SNPs
present in a single cell are highly similar to the reference population sample. Any
deviations from the reference variants can be considered to be technical errors. The
population of cells were sequenced at high target coverage depth (59X) and breadth
(99.76%) to obtain a reference set of whole-genome variants. This is referred to as
bulk sequencing data. SNES was applied to sequence 6 single cells that were gated
from the G1/0 stage of the cell cycle and 6 single cells from the G2/M stage. The
single-cell data were aligned to the human reference genome (hg19) and sequence
reads with multiple mappings and PCR duplicates were eliminated. The data were
locally realigned around known indels using GATK IndelRealigner. Presence of an
insertion or deletion (indels) in the single-cell genome might result in many bases mismatching the reference near the misalignment, which are easily mistaken as SNPs.
Local realignment serves to transform regions with misalignments due to indels into
clean reads containing a consensus indel suitable for standard variant discovery approaches. Finally the reads with mapping quality less than 40 are filtered out as lower
confidence reads. Only the reads with mapping quality more than 40 are used for
variant discovery.
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4.2

Construction of a validation set

The reference population sample (bulk sequencing data) was used for constructing
a set of true SNPs. The reference population of cells were sequenced at high target
coverage depth (59X) and breadth (99.76%). Because of high-coverage depth, SNPs
can be found with high confidence. High-coverage breadth ensures that there is
negligible chance that a SNP not found in bulk sequencing data can be found from
a single-cell data. Any SNP that can be found in the bulk sequencing data with
high confidence can be treated as a true SNP. To construct a call set to use as a
ground truth, we first run GATK UnifiedGenotyper on the bulk sequencing data.
The set of SNPs found is the primary call set. Variant quality scores of the identified
SNPs in the primary call set are re-calibrated using available SNP databases like
HapMap, Omni, 1000G and dbSNP (obtained from ftp://gsapubftp-anonymous@
ftp.broadinstitute.org/bundle). The low-quality variants are removed after recalibration of the scores. Finally a hard filter based on coverage depth is applied on
the call set to find the most confident calls. The process is shown in Figure 4.1. This
final call set is treated as the ground truth. Any SNP found from a single cell is
considered to be a true positive if it is present in this final call set.

4.3

Multi-sample SNP calling

We applied the algorithm described in chapter 3 on single-cell data pooled together from 12 normal cells. Each of these single-cell data is exome sequencing data.
The coverage breadth of the single-cell exome sequencing data is much less than the
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Figure 4.1: Flow-chart for preparing the validation data set. The bulk sequencing
data coming from the reference population of cells is first filtered according to mapping
quality. GATK UnifiedGenotyper is used to find the primary call set. The final call set is
obtained by filtering low quality variants from the primary call set and then applying hard
filters based on depth of coverage on it.

whole genome bulk sequencing data. Therefore, not all the SNPs present in the bulk
sequencing data can be discovered from the exome sequencing data, owing mainly
to the lack of coverage breadth. Instead, the exome sequencing data has good coverage in the exome region targeted by TruSeq (An advanced Illumina sequencing
http://www.illumina.com/science/education/truseq.html).
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First, we compare our method against Samtools and GATK in terms of SNP
discovery. We compare the number of SNPs discovered by each of the methods from
chromosome 1 when 12 single-cell samples are pooled. Both Samtools and GATK can
be used for multi-sample SNP calling and they are applied in a similar fashion on the
single-cell data pooled from 12 normal cells. For this experiment, we can compare
the methods also in terms of precision of SNP calling. The SNPs discovered from the
single cell but absent in the validation set (constructed from bulk sequencing data)
can be treated as false positive (FP) calls. Precision of a method is defined as the
ratio of the number of true positive SNPs to the number of discovered SNPs. In this
experiment, we do not compare the recall of the methods because we cannot quantify
the exact number of true positive SNPs that can be found from the exome sequencing
data of single cells. This is because the true positive SNPs in the validation set were
found from whole-genome sequencing of bulk population of cells (sufficient coverage
breadth for chromosome 1), whereas the single-cell samples being exome-sequencing
data have sufficient coverage only in the exome region (∼ 1% of the whole genome).
However, the recall of a method is proportional to the number of true positive SNPs
found by the method. So, whichever method finds the maximum number of true
positive SNPs will also have the highest recall.
Table 4.1 shows that our method performs the best in terms of precision and
discovering the highest number of true positive SNPs. Our method also calls the
fewest false positives. Samtools calls more true positives than GATK but it calls
the highest number of false positives as well. Even though we do not compare recall
values for the algorithms, we observe that our method calls the maximum number of
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Table 4.1: Comparison of multi-sample SNP call set from chromosome 1. The number of
SNPs discovered by each algorithm is compared. Each of the algorithms is run on exome
sequencing data pooled together from 12 single cells. The precision of SNP discovery of
each method is also compared.

Method

No. of SNPs

No. of True Positives

No. of False Positives

Precision

GATK

62514

49039

13475

0.7844

Samtools

66042

50310

15732

0.7617

Our method

60416

50696

9720

0.8391

true positives indicating that its recall will be the maximum.
Next, we compare the number of SNPs discovered in the TruSeq exome targeted
region. In this region, we can also compare the number of false negatives called by the
different algorithms. Both the single-cell exome sequencing data and bulk sequencing
data have good coverage in this region of chromosome 1. Any SNP that is present
in the bulk sequencing data but not discovered from the single-cell exome sequencing
data can be treated as a false negative. The ground truth call set constructed from the
bulk sequencing data contains 4639 SNPs in the TruSeq region. In this experiment,
we can compare the algorithms in terms of recall as well. In this context, recall of
a method refers to the percentage of true positive SNPs called by the method. The
method having the fewest false negatives has the highest recall.
As shown in Table 4.2, our method outperforms both GATK and Samtools in
terms of precision and recall. It calls fewer false positives and false negatives than
both GATK and Samtools. Compared to GATK, our method calls about ∼ 50% fewer
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Table 4.2: Comparison of multi-sample SNP call set from the TruSeq region of chromosome
1. All three methods were run on data pooled from 12 single-cell samples. The results
compare the different metrics for multi-sample SNP calling in the TruSeq region.

GATK

No of
SNPs
Called
8052

True
Positives
(TPs)
4565

False
Positives
(FPs)
3487

False
Negatives
(FNs)
74

Samtools

8357

4480

3877

Our method

6184

4567

1617

Method

Precision

Recall

0.5669

0.9840

159

0.5360

0.9657

72

0.7385

0.9844

false-positives and precision of our method is about ∼ 30% higher than GATK. It
also calls the highest number of true positives. Clearly, for multi-sample SNP calling,
our method performs the best.

4.4

Results for individual single cells

Apart from calling SNPs combined from multiple single-cell samples, the algorithms are also tested for their capability of properly genotyping the individual single
cells for the called SNPs. In this experiment also, while finding SNPs from a singlecell, data from all the single-cells are used to deal with the nonuniform coverage.
In this experiment, we only consider the SNPs found in the Truseq exome targeted
region.
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4.4.1

Samtools results

The genotyping by Samtools is poor in terms of differentiating the single cells. If a
site is called SNP in one cell, it is mostly called as heterozygous variant in other cells
as well, even if the other cell does not have any coverage at all. For example, in cell
1, Samtools calls 4224 sites as variants and 3708 of them are true positives. However
out of these 3708 sites, for 560 sites, cell 1 does not have any coverage and for 31 sites
it has coverage support for only the reference allele. In spite of these lines of evidence,
those sites are called as either homozygous or heterozygous variants. This type of
consensus genotyping is ineffective in differentiating one cell from another and weakens
the advantages that the single-cell data could have provided. Essentially it is not at
all suitable for resolving intratumor heterogeneity. That is why, while summarizing
the results of Samtools, we only include the calls which have coverage for the alternate
allele. While counting the number of true positives, we do not include the calls for
which that particular cell has no coverage or only has coverage in support of the
reference allele. Clearly these were called variant using evidence from other cells, but
without coverage support for the alternate allele, these cannot be called as variants
in that particular cell.

4.4.2

GATK results

GATK uses Bayes’ rule for variant discovery and genotyping. In the context of
single cells, when multiple single-cell data are used as input to GATK, it estimates
the probability that two alleles r (reference allele) and a (alternate allele) are present
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Table 4.3: Number of SNPs called from different single cells using Samtools. This is the
result in TruSeq region where the single-cell samples and the bulk sequencing data have
good coverage.

Cell index
Cell 1
Cell 2
Cell 3
Cell 4
Cell 5
Cell 6
Cell 7
Cell 8
Cell 9
Cell 10
Cell 11
Cell 12

No of
SNPs
Called
4224
4303
4251
4326
4310
4475
4590
4519
4557
4590
4457
4547

True
Positives
(TPs)
3117
3231
3145
3249
3352
3534
3784
3686
3752
3773
3646
3776

False
Positives
(FPs)
1107
1072
1106
1077
958
941
806
833
805
817
811
771

False
Negatives
(FNs)
1522
1408
1494
1390
1287
1105
855
953
887
866
993
863

Precision

Recall

0.7379
0.7508
0.7398
0.7510
0.7777
0.7897
0.8244
0.8156
0.8233
0.8220
0.8180
0.8304

0.6719
0.6964
0.6779
0.7003
0.7225
0.7618
0.8156
0.7945
0.8087
0.8133
0.7859
0.8139

in a sample of m single-cells and it calculates the likelihoods for each of rr, ra and aa
genotypes for each single cell. This genotype likelihood is used for genotyping each
single cell after a variant is found. On average, we observed that GATK has better
genotyping capability than Samtools. The previous problem with Samtools is not
observed in GATK. If a cell does not have coverage at a particular site, GATK does
not genotype that cell. However, since GATK only uses genotype likelihood of the
current cell, it discards much of the data that can be potentially used in determining
the genotype of a particular cell. GATK also fails in cases, where one cell has good
support for alternate allele, few other cells has good support for reference allele and
1-2 erroneous reads in support of alternate allele but the rest of the cells only have
61

good support for the reference allele. In such cases, GATK genotypes the cell with
erroneous read supporting alternate allele as heterozygous variant, whereas, in truth
it could have been a homozygous reference. This type of problem can be mitigated
if evidence from all the cells are used while calculating the genotype posterior probability of a cell. The results of GATK for all 12 cells in the TruSeq exome targeted
region are shown in Table 4.4.
Table 4.4: Number of SNPs called from different single cells using GATK. This is the
result in TruSeq region where the single-cell samples and the bulk sequencing data have
good coverage.

Cell index
Cell 1
Cell 2
Cell 3
Cell 4
Cell 5
Cell 6
Cell 7
Cell 8
Cell 9
Cell 10
Cell 11
Cell 12

No of
SNPs
Called
3701
3907
3851
3913
4002
4332
4627
4496
4626
4607
4447
4595

True
Positives
(TPs)
3196
3329
3251
3349
3447
3647
3900
3789
3883
3882
3770
3895

False
Positives
(FPs)
505
578
600
564
555
685
727
707
743
725
677
700
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False
Negatives
(FNs)
1443
1310
1388
1290
1192
992
739
850
756
757
869
744

Precision

Recall

0.8635
0.8520
0.8441
0.8558
0.8613
0.8418
0.8428
0.8427
0.8393
0.8426
0.8477
0.8476

0.6889
0.7176
0.7007
0.7219
0.7430
0.7861
0.8406
0.8167
0.8370
0.8368
0.8126
0.8396

4.4.3

Results of our method

While calling variants, our method accounts for allelic dropout and de-amination
error. Our method computes posterior probability of a site containing a SNP. Bayes’
rule is used for computing the posterior probability. While genotyping the individual
cells, it uses the evidence from other cells as well. This type of genotyping helps in
differentiating one cell from other. The improvement in genotyping is reflected by
fewer false positives per cell and higher precision (Table 4.5).
Table 4.5: Number of SNPs called from different single cells using our method. This is
the result in TruSeq region where the single-cell samples and the bulk sequencing data have
coverage.

Cell index
Cell 1
Cell 2
Cell 3
Cell 4
Cell 5
Cell 6
Cell 7
Cell 8
Cell 9
Cell 10
Cell 11
Cell 12

No of
SNPs
Called
3527
3666
3623
3718
3782
4044
4316
4200
4305
4300
4142
4284

True
Positives
(TPs)
3169
3288
3224
3314
3414
3598
3859
3755
3833
3836
3717
3857

False
Positives
(FPs)
358
378
399
404
368
446
457
445
472
464
425
427
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False
Negatives
(FNs)
1470
1351
1415
1325
1225
1041
780
884
806
803
922
782

Precision

Recall

0.8984
0.8968
0.8898
0.8913
0.9026
0.8897
0.8941
0.8940
0.8903
0.8921
0.8974
0.9003

0.6831
0.7087
0.6949
0.7143
0.7359
0.7755
0.8318
0.8094
0.8263
0.8269
0.8013
0.8314

4.4.4

Comparison of the algorithms

The results of the different algorithms on the single cells show that our method
performs better in terms of calling fewer false positives and higher precision. For each
cell, the number of true positives identified by our method is almost similar to that
of GATK and higher than Samtools. Even if our method identified slightly fewer true
positives per cell than that of GATK, overall it detects 2 more SNPs than GATK in
the TruSeq exome targeted region. This reflects that our method is more suitable for
resolving intratumor heterogeneity because it can differentiate between the individual
single cells better, owing to the better genotyping method. Comparison of the average
results of the algorithms are shown in Table 4.6.
Table 4.6: Comparison of the results from different methods in the TruSeq region of
chromosome 1. Each entry in the table gives the average number of that quantity per each
cell.

Method

Number of SNPs

TPs

FPs

FNs

Precision

Recall

Samtools

4429.1

3503.7

925.3

1135.2

0.7901

0.7552

GATK

4259.5

3611

647

1028

0.8485

0.7785

Our Method

3992.2

3572

420.25

1067

0.8947

0.7701

Samtools calls the largest number of SNPs per cell, but several of them are false
positives. It also calls the fewest true positives per cell. Other than the aforementioned drawback, Samtools also has the lowest precision and recall. GATK calls more
false positives and its precision is also lower. Our algorithm calls the fewest false
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positives per cell ( 35% lower than GATK) and it has the highest precision ( 5.4%
higher than GATK) per cell. This comes at the cost of slightly higher number of false
negatives ( 3.6% higher than GATK) per cell. The higher number of false negatives
per cell does not affect the overall detection efficiency of our method as it discovers
the largest number of SNPs in the TruSeq region all single cells combined.

4.5

Comparison of the false positives: de-amination
error

Previous investigation of the spectrum of false positive errors showed a high bias
towards C > T and G > A transitions relative to the normal spectrum of transitions
and transversions in the population of fibroblast cells [63]. We investigated how our
model handles this problem. This particular bias towards de-amination error was
accounted for in our model via the use of prior probability for amplification error.
Other SNP calling algorithms did not account for this type of error. We compared
the spectrum of false positives in our algorithm to that of GATK (Figure 4.2 and
Figure 4.3).
When comparing all the false positives detected on chromosome 1, the number
of C : G > T : A false positive errors called by our algorithm is almost half the
number of C : G > T : A called by GATK. It is clear that the use of prior probability
that accounts for the amplification error helped to reduce the number of such false
positives. In the TruSeq region where the single cells have better coverage, the number
of C : G > T : A called by our algorithm is ∼ 50% lower than the number of
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Figure 4.2: Spectrum of false positive errors detected on chromosome 1 (all 12
cells combined). GATK and our algorithm are compared.

C : G > T : A called by GATK. This experiment suggests that our algorithm tackles
de-amination error much better than GATK. There is still room for improvement in
this regard as we still observe a large number of C : G > T : A false positive errors.

4.6

Effects of the number of cells

For multi-sample SNP calling, more samples result in more number of SNP calls.
The addition of more samples also increases the chance for calling more false positives.
As a result of calling more false positives, precision of the method attenuates with
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Figure 4.3: Spectrum of false positive errors detected on TruSeq region of
chromosome 1 (all 12 cells combined). GATK and our algorithm are compared.

the addition of more samples. We tested the robustness of our method against the
addition of more samples. In this experiment, we gradually added single-cell samples
and we accumulated results for different numbers of input samples. We performed the
same experiment with GATK. The results are shown in Figure 4.4. As the number
of cells increases, precision of GATK decreases at a steady rate, but precision of our
method remains almost constant. At the same time addition of more cells result in
calling more true SNPs for both methods. In all the cases, our algorithm calls more
true SNPs than GATK. This suggests that our method is robust against the presence
of more errors in the data (more data means more errors). The false positive rate of
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Figure 4.4: Comparison of results for different numbers of cells. a) Precision
for different number of cells. Precision of our method remains steady. Precision of GATK
reduces with the addition of more cells. b) Number of true SNPs called for different number
of cells. In all the cases our algorithm calls more true SNPs than GATK.
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our method is not affected by the addition of more samples, on the other hand false
positive rate of GATK increases with the addition of more samples. From this we
conjecture that, if given a large number of single-cells, our method would call more
SNPs with higher precision than GATK.

4.7

Effect of varying pe on the discovery of SNPs

In all the above experiments, the value of pe , the prior probability used to account
for amplification error was set to 0.0001. This value was empirically determined.
Ideally, the value of pe can range in (0, 0.25). pe = 0.25 suggests that all the alleles
are equally likely and this situation is far from reality. We ran our method with
different values of pe and found that value of pe in the range (0.00005, 0.005) produces
the best result. For values pe < 0.00005, sites are identified as SNPs for which the
combined depth of coverage is 1, which gives less confidence in the SNP call. For the
values pe > 0.005, the method would miss several true SNP sites. Figure 4.5 shows
the number of SNPs found for different values of pe . For values pe < 0.00005, the
algorithm discovers more SNPs but all the newly discovered SNPs are low-quality
ones because of low coverage (single read support mostly). From Figure 4.5 we can
see that for the range (0.00005, 0.005), the total number of SNPs and total number
of true positive SNPs remains almost constant resulting in a stable precision value
which is higher than in the region where pe < 0.00005; this is why we chose this range
for the value of pe .
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Figure 4.5: Effect of varying pe on the number of discovered SNPs. x-axis
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precision.
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4.8

Validation against a public database

Since the data comes from normal single cells, the identified SNPs should be identical to the SNPs that have been already discovered under different studies based
on normal human genome. The Single Nucleotide Polymorphism Database (dbSNP)
(http://www.ncbi.nlm.nih.gov/SNP) is a public archive for storing the genetic variations that are discovered by different studies. We compared the SNPs found from
single cells against the dbSNP set of SNPs. In the Truseq region of chromosome
1, our algorithm called 6184 SNPs, out of which 5182 were found in dbSNP with a
dbSNP precision 0.8379. On the other hand, out of 8052 SNPs discovered by GATK,
5385 were found in dbSNP with a dbSNP precision 0.6687. This validates the better
precision power of our algorithm compared to GATK.
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Chapter 5
Conclusions and Future Directions
The SNP calling and genotyping algorithm that we have developed in this thesis
is the first method specifically designed for single-cell sequencing data and it made
progress towards filling an important gap in bioinformatics analysis of single-cell
sequencing data. This method explicitly accounts for different errors present in singlecell sequencing data which have not been dealt with before. The different inherent
errors include allelic dropout, uneven coverage, amplification errors like high bias
for C : G > T : A transitions (de-amination error) and false positive errors. Most
of these errors occur during sample preparation (whole genome amplification) and
propagate into subsequent steps of sequencing and alignment. Existing methods
that were designed for bulk sequencing data, takes into account only mapping and
base calling errors that might interfere with the discovery of SNPs. However, none
of the existing methods developed for next-generation sequencing data account for
the aforementioned errors that might plague the bioinformatics analysis of single-cell
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sequencing data. The proposed method carefully deals with these errors to reduce
the amount of false positives while calling SNPs.
We applied our method to normal cell data to validate the results. For normal
cells, we used data from isogenic female fibroblast cell line (SKN2). For validation
of the results, SNPs from a reference population of cells (high target coverage depth
(59X) and breadth (99.76%)) were used as the ground truth. Any SNP discovered
in a single cell, if present in the population sample, was treated as a true SNP.
Based on this data, our method outperformed other state-of-the art algorithms like
GATK and Samtools for calling SNPs from NGS data. The competitor algorithms
resulted in more false positive calls due to the lack of a proper model to account
for the SCS-specific errors. The improved genotyping method used in our algorithm
leveraged evidence from other cells to genotype a particular cell and it helped to
properly differentiate between the cells. The genotyping method was also robust
against different machine errors. The proposed method is also superior in finding
more true SNPs irrespective of the region of the genome in consideration. Essentially
it is a multi-sample SNP calling method, yet suitable for calling SNPs from a single
cell.
In the current method, several errors of SCS data are accounted for, but there
is opportunity for further improvement. Currently, while calculating the genotype
likelihood, the probability of each allele (reference or alternate) being dropped out is
considered to be same, whereas in reality they might be slightly different as claimed
in [63]. This information can be incorporated in the model and an optimized value of
the prior probability can be used. In the current calculation, the false-negative errors
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are not accounted for and these errors mostly occur due to the lack of coverage.
Calculation of genotype likelihood only considers three genotypes (rr, ra, aa for
reference allele r and alternate allele a). It can be extended to consider all 10 possible
diploid genotypes. More experimentation with the parameter pe might produce better
result (it is user-specific parameter though). Currently, the algorithm considers base
calling error to be dominant over mapping error. Reads below threshold value of
mapping quality (40) are filtered out as low-quality reads. Potentially, low mapping
quality reads can also be used in genotype likelihood calculation under an extended
probabilistic model using mapping quality as another source of error in the data.
An SCS-specific SNP calling and genotyping method is essential for the characterization of the point mutations in the single tumor cell. It might lead to different
research directions for understanding the single-cell processes in cancer. An immediate extension of the current algorithm can be the development of a somatic SNP
calling algorithm from single tumor cell and matched single normal cell. Another
promising future research direction would be to simultaneously genotype the single
cells and construct a phylogenetic tree from the single-cell genomes. This would potentially help in constructing the evolutionary history of a tumor. The simultaneous
estimation of genotypes and construction of evolutionary tree under a probabilistic
framework will also relax the single-cell independence assumption. A normal cell and
tumor cell can be compared based on the presence of single base substitution mutation and their difference in mutation frequency can be quantified. Tumor cells can
also be categorized on the basis of the discovered SNPs and it will help to resolve
intratumor heterogeneity. Identification of SNPs from CTCs can provide insights on
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driver mutations for metastasis and it will also potentially help in early detection of
cancer.
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