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Abstract

Cancer has often been described as a disease of the genome, and understanding the

underlying genetics of this complex disease opens the door to developing improved treat-

ments and more accurate diagnoses. The abundant availability of next-generation DNA

sequencing data in recent years has provided a tremendous opportunity to enhance our

understanding of cancer genetics. Despite having this wealth of data available, analyzing

tumor DNA data is complicated by issues such as genetic heterogeneity often found in

tumor tissue samples, and the diverse and complex genetic landscape that is character-

istic of tumors. Advanced computational analysis techniques are required in order to

address these challenges and to deal with the enormous size and inherent complexity of

tumor DNA data.

The focus of this thesis is to develop novel computational techniques to analyze

tumor DNA data and address several ongoing challenges in the area of cancer genomics

research. These techniques are organized into three main aims or focuses. The first

focus is on developing algorithms to detect patterns of co-occurring mutations associated

with tumor formation in insertional mutagenesis data. Such patterns can be used to

enhance our understanding of cancer genetics, as well as to identify potential targets

for therapy. The second focus is on assembling personal genomic sequences from tumor

DNA. Personal genomic sequences can enhance the efficacy of downstream analyses that

measure gene expression or regulation, especially for tumor cells. The final focus is on

estimating variant frequencies from heterogeneous tumor tissue samples. Accounting for

heterogeneous variants is essential when analyzing tumor samples, as they are often the

cause of therapy resistance and tumor recurrence in cancer.
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Chapter 1

Introduction

1.1 Background

The field of genomics research has entered into an era of incredible advancements and

impactful discoveries over the last several decades. Much of this progress traces back

to the successful completion of the Human Genome Project, which provided us with a

human reference genome that could serve as a catalog of all the genes and nucleotides

(i.e. the molecular building blocks of DNA) in a typical person [1, 2]. This ambitious

project sought to drastically increase our understanding of heritable diseases and usher

in an era of personalized medicine. Countless discoveries have been made in the thirteen

years since the completion of the Human Genome Project, and this momentum has

translated into multiple other large-scale international genomics research efforts, such

as the 1000 Genomes Project [3, 4], the International HapMap Project [5], and the

ENCODE (Encyclopedia of DNA Elements) project [6, 7, 8]. However, this new era

of genomics research has also generated many puzzling new questions. The further we

delve, the more we realize just how complex the landscape of human genetics actually

is.

A prime example of this is in the field of cancer research. Cancerous tumors are

brought on by mutations in our DNA that cause uncontrollable cell proliferation. New

knowledge of the genetics involved in this process has led to breakthroughs in cancer

therapy, but has also uncovered many new complexities and unsolved problems that

require additional research work to address. For example, it is now understood that
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most types of cancer are not caused by certain specific mutations in specific genes, but

rather by combinations of many rare mutations which require huge studies with many

patients in order to fully catalog. The number of somatically-acquired mutations (i.e.

mutations not present initially but that are acquired later in life) that can be found in

a tumor varies drastically between different cancer types, and can vary drastically even

between two people with the same type of cancer [9].

Additionally, we have learned that not only do different types of cancers have dif-

ferent genetic features, but there can be a variety of genetic features even within the

same tumor. These groups of different cells within a tumor (called subpopulations or

subclones) are each defined by their own set of mutations. This intra-tumor genetic het-

erogeneity makes it difficult to determine the key mutations that need to be studied for

a particular tumor. Furthermore, it is also necessary to understand how these mutations

affect gene expression (i.e. the frequency with which genes are “activated” and produce

their corresponding proteins) if we want to fully understand the process by which these

tumors grow. However, in the case of cancer research, it can be difficult to study gene

expression due to the highly-mutated genomes found in tumors.

While these complexities have led to new avenues of research to pursue, new technol-

ogy has also provided us with an abundance of data to help solve these problems. Next-

generation sequencing is a method to collect DNA data that has become immensely pop-

ular over the last decade as its cost has plummeted and its efficiency has improved. Using

this technology, DNA data is collected by randomly fragmenting the DNA molecules in

a cell into billions of small segments for which the order of the nucleotides can be more

easily, and more cheaply, determined. These small segments are called reads, and col-

lectively this type of data is known as sequencing data. Because of the randomness of

the segmentation and the inherent error rates of the sequencing process, sequencing has

to be done at high coverage levels (i.e. collect an average of many random segments

from the same regions of the genome) in order to reliably cover all of the regions of

interest, resulting in sequencing data that can be hundreds of gigabytes in size for just

a single sample. Thus, analyzing this data requires efficient algorithms and advanced

computational techniques, which have tended to lag behind the exponential explosion of

sequencing data being generated.
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1.2 Thesis Contributions

The focus of this thesis is to develop novel computational techniques to analyze tumor

DNA data and address several ongoing challenges in the area of cancer genomics research.

This falls generally into three main aims, which are (1) mining for co-occurring genetic

mutations in tumors, (2) assembling personal genomic sequences, and (3) estimating

tumor heterogeneity.

The first area of emphasis is in developing methods to identify coordinating genetic

mutations that may drive tumor growth. Insertional mutagenesis experiments are a tech-

nique often used to screen for potential oncogenes and other cancer drivers in laboratory

mice. Analysis of insertional mutagenesis data sets has mostly focused on identifying

single genes or genomic regions that are significantly associated with tumor formation,

with a lack of emphasis on efficient and accurate techniques to identify higher order

patterns of multiple cooperating mutations that may be relevant. The first part of this

thesis focuses on applying a data mining methodology known as association analysis to

this problem, with the goal of identifying frequently co-occurring insertion sites in these

insertional mutagenesis data sets.

The second area of emphasis is in assembling personal genomic sequences using se-

quencing data from tumor cells. Accurate personal genomic sequences offer the ability to

improve downstream next-generation sequencing analyses, such as RNA-seq and ChIP-

seq, by providing a more accurate reference sequence tailored for an individual sample.

This is particularly important for the highly-mutated DNA found in tumors. Toward

this end, we have developed an open-source software package called SHEAR (Sample

Heterogeneity Estimation and Assembly by Reference), which leverages structural vari-

ant (SV) prediction algorithms in order to improve assembly efficiency by focusing on

assembling the areas of the genome that differ substantially from the reference.

Finally, the last area of emphasis in this thesis focuses on developing algorithms for

dealing with heterogeneous sequencing samples from tumors. Tumors often contain a

mixture of cellular subpopulations, each with different genetic backgrounds, that make

analyzing DNA data from tumor tissue a more difficult process than that from normal

tissue. There is currently an unmet need for algorithms that can identify SVs in a

heterogeneous sequencing sample as well as estimate the frequency with which they are

present in the sample. Another component of our SHEAR framework addresses this

3



problem by utilizing alignment information at SV breakpoints (i.e. the locations in the

genome at which DNA is rearranged) in order to estimate variant frequencies for SVs

and other mutations.

1.3 Thesis Outline

The organization of the rest of this thesis is as follows. A broad overview of computational

analysis techniques for tumor DNA data and the associated challenges are presented in

Chapter 2. In Chapter 3 we present our approach for discovering patterns of co-occurring

genetic mutations in insertional mutagenesis data sets. Chapter 4 focuses on SHEAR,

particularly as it relates to personal genome assembly. Our approach for estimating allele

frequencies for structural variants from heterogeneous sequencing samples is presented

in Chapter 5. Finally, we conclude in Chapter 6 with a summary discussion and an

overview of future work.
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Chapter 2

Overview of Tumor DNA Data

Analysis and Challenges

2.1 Introduction

In this chapter, we introduce much of the data and concepts that will be discussed

throughout this thesis. Specifically, Section 2.2 will describe next-generation sequencing

data and the various ways that it is can be analyzed for genomics research. Section 2.3

will then provide an overview of some of the issues and challenges that may arise in

cancer genomics research specifically.

2.2 Next-Generation Sequencing Data

2.2.1 Data description

DNA is often visualized or described as a sequence of four different nucleotides, adenine,

cytosine, guanine, and thymine, the order of which encodes all of the genetic information

for an organism. A DNA molecule is double-stranded with a forward and reverse strand.

The two sequences of nucleotides are complementary to each other (adenine binds with

thymine, and cytosine binds with guanine), and thus only one strand is necessary to

know the content of both strands. These paired nucleotides are also known as base pairs

(bp), and the term base pair is used as a unit of measurement for the length of a DNA

sequence. DNA can be represented digitally as a string containing the letters A, C, G,
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and T. The entire human genome is thus organized into a set of strings, one for the

forward strand on each chromosome. The process by which the DNA from a particular

biological sample is obtained and transformed into a digital representation is known as

sequencing.

Next-generation sequencing (NGS) technology, also called second-generation sequenc-

ing, was developed with a primary objective to drastically increase the throughput and

cost-effectiveness of DNA sequencing as compared with traditional Sanger sequencing

[10]. In general, this process works by extracting DNA from cells, amplifying the DNA

content to obtain duplicate copies for a stronger signal, and randomly fragmenting the

DNA molecules into millions of short segment. Each fragment is then amplified in or-

der to increase signal strength and accuracy, and the sequence of bases that compose

each fragment are then determined. The mechanism by which bases are determined

depends upon the sequencing technology being used. For example, Illumina sequenc-

ing uses bridge polymerase chain reaction (PCR) to clone fragments into clusters, and

nucleotide-specific fluorescent labels and a camera are used to determine the sequence

base-by-base. For a review of different NGS sequencing technologies, see Shendure and

Ji [10].

Because the error rate typically increases for bases farther along in a fragment’s

sequence, the sequence of determined bases is typically on the order of hundreds of base

pairs. Each of these sequences are called reads. However, the same fragment can be

“read” from both ends, resulting in two reads (each 100-200 bp in length for much of the

data used throughout this thesis) which are called paired-end reads, or read pairs. The

approximate size of fragments is typically known, so there is also knowledge about how

far apart the read pairs are from each other in the underlying genome that they were

sequenced from.

The resulting data often contains millions of pairs of reads, each composed of a string

of A, C, G, and T, corresponding to a portion of the forward strand on the genome they

were sequenced from. Note also that these reads can be overlapping, in the sense that

the same region of the genome can have many reads that were sequenced from it due

to the fact that the initial DNA molecules are amplified. DNA strands are “read” in

a particular direction, which is denoted as 5’ to 3’. Unless otherwise specified, a DNA

sequence string should be interpreted as being a 5’ to 3’ sequence of nucleotides.

6



2.2.2 Alignment and assembly

One of the typical first steps in NGS data analysis is to determine where each of

these read pairs “came from” relative to a reference genome. Efficient and special-

ized string-matching algorithms, known as alignment algorithms, have been developed

for this purpose. Examples of common alignment algorithms for NGS data include BWA

[11, 12, 13, 14] Bowtie [15], and GSNAP [16]. Aligners will determine the most likely lo-

cation in the genome that matches each read pair, and will transform the raw sequencing

data into an alignment file. Alignment files contain the same sequence data as the raw

read files, along with additional associated information describing the location and qual-

ity of the read’s alignment. Since sequencing data is inherently error-prone, alignment

algorithms allow for the possibility of mismatched bases, skipped bases, and inserted

bases when aligning a read against a reference genome. Reads may also be aligned such

that only a portion of the read is considered to be a match against a location in the

reference genome, with the remainder being discarded. This situation is referred to as

soft-clipping.

Once an alignment is generated, it creates a more clear picture of the genetic muta-

tions present in a sample. Areas of the genome in which the aligned reads contain differ-

ent bases than the reference sequence are indicative of a variant sequence in that location

of the genome for that sample. This will be further discussed next in Section 2.2.3. If

the genome of the sample is sufficiently different than the reference genome, such as for

a highly-mutated genome, or the genome of a different species, then many reads will

remain unmapped by the alignment algorithm.

The second main type of analysis that can be done using NGS data is assembly.

This is the process by which raw reads are fit together, like pieces of a jigsaw puzzle,

to obtain the genomic sequence of the sample. This is a very difficult process due to

the high error rate for NGS data, as well as the repetitive genomic regions often present

in eukaryotic organisms. However, when sequencing DNA from a new organism, this is

often a necessary step in order to achieve accurate alignments for future samples. A brief

background of various assembly techniques will be discussed later in Section 4.2.
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2.2.3 Variant detection

As mentioned previously, one of the most common types of analysis done on NGS data is

detecting variants. This is primarily done by identifying irregularities in the alignment.

For example, if many of the reads aligned in a region contain an A nucleotide at a

certain position while the reference genome contains a T nucleotide at that position, is

is evidence supporting the presence of a single nucleotide polymorphism (SNP) variant.

Other common small variants include deletions and insertions of bases. Together these

are known as INDELs (Insertions/Deletions) and can be detected in a similar way (e.g.

many reads aligned in a region that are missing a short sequence of bases, or that contain

a novel non-reference sequence of bases).

A more interesting type of analysis is in detecting structural variants (SVs), which

are deletions, insertions, inversions, duplications, or translocations of large segments of

DNA. A subcategory of SVs are copy number variants (CNVs), which specifically refer to

deletions and duplications. Historically, array comparative genomic hybridization (array

CGH) and SNP microarray techniques have been used for SV and CNV discovery because

of their low cost and high throughput. However, with the falling costs of next-generation

sequencing, NGS-based methods for SV discovery have become increasingly popular.

NGS-based SV discovery techniques offer the advantages of more precise breakpoint

resolution and a larger spectrum in both the size and type of SVs that are capable of

being discovered [17, 18, 19]. Since SVs often affect thousands of bases at a time, they

cannot be detected using the same approaches as are used to detect SNPs and INDELs

from an alignment. However, a similar logic of looking for clusters of irregularly-aligned

reads (albeit different kinds of irregularity) can still be used to identify SVs. If the

sequenced genome contains SVs, reads will not align correctly near the breakpoints of

these variants, and evidence of this sort of unexpected behavior can be extracted from

the alignment. This type of information falls into three main categories: read-pair,

split-read, and read-depth information.

Unexpected alignment in terms of read-pair behavior includes paired-end reads that

align further apart or closer together than would be expected from the distribution of

fragment sizes in the sample, or paired-end reads that align in an incorrect orientation

(i.e. the expected directions of strands are flipped). For example, if a pair of reads

aligns to a reference genome significantly further than expected from each other, it
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could be indicative of a deletion in the sequenced genome since it suggests that the

sequenced genome is lacking a region between the reads that is otherwise present in the

reference sequence. Conversely, read pairs that align close together could be due to an

insertion. Discordant orientation of read pairs can also reveal other types of SVs, such

as an inversion in the sequenced genome that flips the orientation of one read of a pair

that spans the inversion breakpoint. Utilizing read-pair information is the most well-

established of the NGS-based SV discovery techniques, and includes programs such as

BreakDancer [20], Hydra [21], VariationHunter [22], MoDIL [23], and PEMer [24].

Split-read approaches look at reads that are only partially aligned to the reference,

with the remainder being “soft-clipped.” This methodology discovers SVs by finding

pairs of soft-clip clusters that match each other in the reference, indicating an adjacency

of genomic regions that are normally separated in the reference. This situation can be

indicative of a deletion or insertion in the sequenced genome. For example, a 100 bp read

might align concordantly with a reference genome for its first 60 bp, up until location A

in the reference. If the remaining 40 bp segment happens to correspond with a region

further down the reference genome starting at location B, then this split read likely

indicates the presence of a deletion in the sequenced genome of the region between A

and B in the reference genome. These approaches offer the advantage of exact breakpoint

determination, but are difficult to achieve in practice because of the small size of most

next-generation sequencing reads. Small reads (e.g. 100 bp) are difficult to align with

a reference genome of three billion bp while allowing for sequencing errors, SNPs, and

small INDELs, and this difficulty only increases when aligning split reads. Split-read

techniques for SV discovery include Pindel [25] and CREST [26].

Finally, read-depth approaches for SV discovery look at the total number of reads

that align to different regions of the genome. Ideally, the sequenced reads are uniformly

taken from the genome, and thus the number of reads that align to a particular location

in the reference should be fairly consistent across the genome. If the read-depth is

significantly higher or lower in a particular region of the reference genome, it could be a

sign of a duplication or a deletion of that region in the sequenced genome, respectively.

These approaches can be significantly complicated by naturally repetitive regions of the

genome or by heterozygosity in the sequenced sample. The accuracy of determining SVs

using this approach is also heavily dependent on having high and consistent read coverage
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(i.e. average read-depth) throughout the sequence. On the other hand, this means that

the power to predict SVs from read-depth information is greater for longer insertions

and deletions because it becomes less likely to observe disparate read-depth along long

regions by chance. Since read-pair and split-read approaches are limited to discovering

SV signals locally near a pair of reads, read-depth approaches can offer complementary

discovery of larger SVs. Programs that fall into this category of SV discovery include

EWT [27] and CNVnator [28].

Because of the different ways that these approaches analyze alignments, they tend

to produce differing SVs calls. For example, a recent review of SV studies for the 1000

Genomes Project [3] found that 80% of the SVs discovered by read-depth approaches

were not found by split-read or read-pair approaches [29]. Furthermore, of the 15,893 SVs

from these studies, only 303 were detected by all three approaches. This knowledge has

lead to the development of new techniques that combine multiple types of information

to predict SVs in a more robust and accurate manner, including SVSeq [30], forestSV

[31], PRISM [32], DELLY [33], GASV [34], LUMPY [35], SoftSV [36].

2.3 Challenges in Analyzing Tumor DNA

These various types of NGS analyses become complicated by a number of factors when

applied to sequencing data originating from tumor tissue cells as opposed to normal

tissue DNA.

First, tumors are often characterized by a high level of genetic heterogeneity. The

genomic instability that is typically present in tumor cells, coupled with their inherent

rapid proliferation, means that new mutations are constantly being introduced as a

tumor grows. Some of these mutations will result in a selective advantage for the cell,

which may then eventually proliferate into a cellular subpopulation within the tumor

containing those mutations. This results in an “evolutionary battle” between different

subpopulations of cells (or subclones) within the same tumor. A sequencing sample

taken from tumor tissue is likely to obtain DNA from several of these different tumor

subclones, as well as DNA from normal tissue cells, all containing different sets of genetic

mutations.
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This heterogeneous mix of sequencing data can increase the difficulty in making in-

ferences from alignments. For example, consider the example illustrated in Figure 2.1.

In this case, the blue cells are normal tissue cells, and the orange and brown cells rep-

resent two different subpopulations of tumor cells. Some genetic variants will have been

germline mutations (i.e. mutations that are present in every cell of the body). Evidence

for these can be found in all aligned reads at the variant’s locations, such as in the cases

of SNP B and Deletion C in this example. However, other variants may originate only

from cells that are less frequent in the sequencing sample, such as those evidenced by

reads colored in orange and brown in the figure. Since there is no way to tell which

cell a particular read originated from, this can make variant calling more complicated.

For example, an SV prediction algorithm may assume that the evidence for Deletion

B, which has few supporting reads, is merely a random fluctuation in coverage level or

erroneously clipped reads, instead of a true variant present in a small tumor subclone.

The complexity of the genetic mechanisms that drive cancer is an additional challenge

in analyzing tumor DNA. Associations between particular mutations and genetic diseases

have been identified over the years, and in the cases of some disease even the complete

pathogenesis from a genetics perspective has been discovered. Progress in understanding

the underlying genetic mechanisms of cancer has been slower due to many oncogenic and

cancer-driving mutations being extremely rare, and thus difficult to identify as statisti-

cally significant [9]. The uncontrollable cellular proliferation that characterizes cancer

requires a multitude of failures on the cellular level in order to occur, including the de-

velopment of self-sufficiency in growth signals, resistance to antigrowth signals, and an

acquired evasion of programmed cell death [37, 38]. In other words, mutations and dis-

ruptions to multiple complex cellular systems must co-occur simultaneously for a tumor

to develop, resulting in many of these mutations being rare across even large cohorts of

patients, and thus difficult to identify. Accounting for this issue may require looking at

mutations on the level of genetic pathways and networks of interacting genes, which in

and of itself are still poorly understood [39].

Complicating this issue of identifying the causal mutations that drive tumorigenesis

is the noise generated by spurious mutations and alterations resulting from the genomic

instability characteristic in tumor cells [40]. Tumors contain an abundance of mutations,

and a significant challenge is in distinguishing between true genes of interest and the
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Figure 2.1: Example of alignment patterns found in a heterogeneous tumor sample.
(a) The progression of tumor development results in several subpopulations of cells
with different genetic backgrounds. The tumor cells (orange) originate with a set of
genetic mutations in one cell and grow rapidly to outnumber the normal cells (blue).
Additional mutations drive the formation of a new subclone (brown) with a distinct
genetic background. (b) Reads sampled from the normal cells (blue) and cells from the
two tumor subclones (orange/brown) are aligned against the reference sequence. Soft-
clipped portions are indicated by a dotted line border, and SNPs are marked with small
blue ticks on the reads. Evidence for germline-acquired mutations are present in all of
the reads, but tumor-specific mutations are present in only a portion of the reads.
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numerous insignificant alterations that are acquired a tumors evolves.
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Chapter 3

Mining for Co-Occurring Genetic

Mutations in Tumors

3.1 Introduction

The initial growth of a tumor (or the expansion of a new subclone within a developing

tumor) is triggered by genetic mutations that disrupt normal cellular behavior and lead

to uncontrolled cell proliferation. Determining which genetic defects can coordinate

to cause tumor growth is an important topic in cancer research because it identifies

possible targets for drug therapy as well as risk factor mutations that can predict cancer

susceptibility.

One approach to addressing this problem is to conduct experiments in which many

genes are disrupted throughout the genome across a number of laboratory mice. This

can be done by inserting DNA randomly across the genome, via techniques such as viral

insertion [41] or the Sleeping Beauty transposon system [42, 43], to disrupt gene regulator

or protein-coding regions and thus “break” a set of genes. Alternatively, these insertions

may also alter normal genetic behavior by acting as gain-of-function mutations. Some

of these sets of insertional mutagens will cause a specific set of genetic defects that

will trigger tumor growth, such as activation or increased expression of an oncogene, or

inactivation or disruption of a tumor suppressor gene. DNA from those tumors are then

sequenced and the locations of the inserted DNA are determined. The result is called

insertional mutagenesis data, and it consists of a number of tumors each containing a set
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of insertion locations. Many of the insertion locations in each tumor will not be relevant

for the analysis (e.g. if they occur in non-coding regions or near genes that have no affect

on tumorigenesis), but there will be a subset of insertions in each tumor that are likely

to be responsible for driving tumor growth.

Lab mice are typically the subjects of these experiments due to a long history of

studies related to mouse genetics, existing technologies to manipulate mouse genomes,

and most importantly a high level of homology to the human genome [44]. 99% of mouse

genes have a homologous gene in the human genome, and for 80% of mouse genes there

is a human ortholog (i.e. the best matching human gene correspondingly has its best

match to the mouse gene) [45]. Because of this relationship, discoveries found via mouse

genomics research is likely to lead to actionable insights toward the understanding of

human genetics and disease, including cancer.

A number of techniques can be used to introduce these insertional mutagens into

the mouse genome. One approach is to leverage the natural insertion and replication

mechanisms of retroviruses [41]. Retroviruses infect cells by integrating themselves into

a host cell genome after undergoing reverse transcription (i.e. RNA to DNA). The

inserted genetic sequence, called a provirus, can then be translated and transcribed using

the normal mechanisms of the host cell, and the proteins produced from the activated

proviral genes work to replicate the retrovirus and begin the process anew. When used

for the purposes of insertional mutagenesis, the known proviral sequence can be captured

and amplified to identify the set of genetic locations affected by the retroviral insertions.

The Sleeping Beauty (SB) transposon system is another technique commonly used

for insertional mutagenesis [43]. This system was originally derived from evolutionarily-

dormant tranposable elements in salmonid fish, which were modified via genetic engi-

neering to be reactivated [42]. The SB transposon system is a “cut and paste” process in

which the genetic sequence to be inserted is removed from the transposon and inserted at

a random TA dinucleotide (i.e. thymine-adenine) in the recipient genome. Similar to the

retroviral insertional mutagenesis approach, the insertions locations are then determined

by capturing and amplifying the known genetic sequence of the insertion.

The goal with analyzing these insertional mutagenesis data sets is to identify individ-

ual insertion locations that are most frequent, or common sets of insertions that co-occur

across multiple tumor samples at significant levels. These insertions are likely to reflect
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genomic regions that, when mutated or disrupted, coordinate to drive tumor growth.

Further validation is required to establish a functional role or direct link between can-

didate patterns and tumor growth. Thus, these types of analyses can be thought of as

“hypothesis-generating” and are used to produce genes or sets of genes that should be

further investigated for their potential roles in tumorigenesis. Insertional mutagenesis

studies have been frequently used over the years to identify oncogenes, tumor suppressor

genes, and other genetic drivers of cancer [46, 47, 48, 49, 50, 51].

Various methods have been developed that identify single common insertion sites

[52, 47, 48, 53, 54]. However, tumor growth is often caused by mutations in multiple

interacting genes, and thus discovering co-occurring common insertions is more likely to

help explain the underlying genetic pathways involved. Furthermore, there may be co-

occurring sets of insertions which are significantly enriched in a data set when considered

together, but are below a significance threshold when considered on their own. Thus,

there exists a need for methods that can identify higher order patterns of commonly

co-occurring locations.

One approach uses a Gaussian kernel convolution (GKC) method to find common co-

occurring pairs of insertions [55]. In this approach, all possible pairs of insertion locations

are mapped to a two-dimensional space, and the density peaks are approximated using

a kernel density estimation. The top density peaks represent the most common co-

occurring insertions. In theory, this approach can be extended to find co-occurring

triplets or higher order patterns. However, this can quickly become computationally

infeasible when there is a large search space of potential patterns to explore, and the

approach is still computationally intensive for identifying pairs for dense data sets (i.e.

many insertions per tumor). Furthermore, there are additional complications that arise

when multiple tumors in an insertional mutagenesis data set originate from the same

mouse. This situation is not addressed by current approaches. New approaches are

needed that are more efficient, allow for discovery of higher order patterns, and account

for the possibility of multi-tumor mice in the input data set.

One potential solution to this problem may be to leverage algorithms from the as-

sociation analysis branch of data mining research. These techniques were developed to

efficiently identify frequent sets of items present across a data set of market basket trans-

actions, which is made possible my smart pruning of the large search space as potential
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patterns are examining and ruled out. Association analysis and the Apriori family of

algorithms have been successfully developed and applied to numerous and diverse types

of data mining problems [56]. With some small modifications, the problem of identifying

common sets of co-occurring insertion locations in a set of tumors can be transformed

into that of analyzing these market basket transaction data sets. Instead of sets of trans-

actions there are sets of tumors, and instead of a transaction containing a set of items we

have a tumor containing a set of insertion locations. Applying Apriori or similar frequent

item set mining algorithms can offer drastic improvements in efficiency for discovering

all higher order patterns of co-occurring insertion locations.

In this chapter we examine a new approach for analyzing insertional mutagenesis data

sets to find arbitrarily-sized co-occurring sets of insertion locations in a more efficient

manner. This approach is based on an association analysis methodology. In Section 3.2

we describe the data and problem statement in more detail. An overview of related

work will be presented in Section 3.3. We describe the details of our proposed approach

in Section 3.4. Section 3.5 contains experimental results that demonstrate the efficacy

of our approach, including comparisons against the GKC approach, evaluation using

simulated insertional mutagenesis data sets, and results from a collection of new data

sets generated via SB transposon systems. Finally, we conclude with a discussion of

issues and ideas for future work in Section 3.6.

3.2 Data Description and Problem Statement

3.2.1 Data description

An insertional mutagenesis data set, T = {t1, t2, . . . , tN}, consists of N tumor data ob-

jects. Each tumor can be defined as a set of insertion locations (i.e. ti = {li1, li2, . . . , lik},
where k is the number of insertion locations in ti), which are each represented as a ge-

nomic coordinate with a chromosome and a location within that chromosome. For mice,

which are typically the subjects of insertional mutagenesis experiments, including all

those described here, there are 22 possible chromosomes (19 autosomal chromosomes

(chr1 – chr19 ), the two sex chromosomes (chrX and chrY ) and the mitochondrial DNA

which is often represented as its own chromosome (chrM )).

Insertional mutagenesis data sets may consist of tumors that are each obtained from
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their own distinct mouse. In this case, mice and tumors may be referenced interchange-

ably. In other insertional mutagenesis data sets however, multiple distinct tumors may

be obtained from the same mouse. This creates a many-to-one correspondence between

tumors and mice. In other words, each tumor object ti is associated with a particular

mouse, and each mouse can be characterized as a collection of one or more tumor ob-

jects. Analyzing these types of insertional mutagenesis data sets with multi-tumor mice

can produce spurious results if care is not taken to address the possibility of metastatic

tumors and evolutionary relationships between tumors originating from the same mouse.

This is discussed further in Section 3.4.4.

The GRCm38 mouse reference genome is ∼ 2, 700, 000, 000 base pairs in length across

all chromosomes, while the total number of insertions across all tumors in one insertional

mutagenesis data set typically ranges in order of magnitude from thousands to hundreds

of thousands. Thus, most individual insertion locations will be unique across a data set T .

In order to identify patterns across the tumors in a data set, insertion locations must first

be generalized from specific genomic coordinates to genomic regions or neighborhoods

(also called insertion sites).

3.2.2 Problem statement

The goal is to identify all sets of insertion sites that are common among the tumors in

T . Individual insertion sites that are common are referred to as common insertion sites

(CISs), while sets of insertion sites that are jointly common are referred to as common

co-occurring insertions (CCIs). Note that CCIs will also be referred to interchangeably

as patterns or item sets throughout this chapter, depending on context. This general

problem statement leaves open several questions which we will discuss in our proposed

approach and investigate in our experimental results, including:

• How to generalize insertion locations from genomic coordinate to genomic region.

• How to define what qualifies as a “common” set of insertion sites.

• How to evaluate the statistical significance of candidate patterns.

Additionally, the requirement to identify the complete collection of CCIs introduces

a computational challenge in managing the search space. An effective solution to this
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problem must also be able to efficiently identify all patterns and evaluate their statistical

significance in a reasonable amount of time.

3.3 Related Work

3.3.1 Poisson distribution-based techniques

Many techniques have been developed to detect common insertion sites (CISs) or com-

mon sets of insertion sites. One straightforward approach for detecting single CISs is

based on Poisson distribution statistics. Assuming a uniform distribution of insertion

locations across the genome, the Poisson distribution can be used to estimate the ex-

pected number of insertions in a given window size given the total number of insertions

and genome size. Specifically, the probability of observing x insertions in a window of

size w (in base pairs) is given by:

P (x|w, g, n) =
e
−nw

g
(
nw
g

)x
x!

where g is the genome size (in base pairs) and n is the total number of observed insertions

across the genome.

This model can be used to assess the probability of an observed number of insertions

in a given window occurring under the null distribution (i.e. all insertions locations being

equally probable). After using Bonferroni correction to account for multiple hypothesis

testing, this results in p-values for candidate CISs. It may be necessary to examine a

variety of window sizes, each of which results in a set of CIS results.

One publicly available open-source software package that uses this method is Trans-

poson Annotation Poisson Distribution Association Network Connectivity Environment

(TAPDANCE) [54]. TAPDANCE also handles processing and mapping of the raw se-

quencing data to initially identify the insertion locations themselves. The software also

allows for automatic annotating of CISs (such as via a user-provided gene location co-

ordinates file), as well as identifying associations between two CISs or a CIS and a

phenotype.

One advantage of using Poisson distribution-based techniques to identify CISs is that
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it only requires straightforward and fast computations, and is thus able to handle high-

throughput data sets in an efficient manner. However, significance is only assessed for

single insertion locations and not sets of co-occurring insertion locations. This approach

also makes assumptions about a uniform distribution of insertion locations across the

genome under a null hypothesis, which is not strictly accurate and may produce spurious

results.

3.3.2 Monte Carlo-based techniques

Another approach that has been used to estimate the expected number of insertions

in a given window uses a Monte Carlo simulation [47] [48]. These techniques are in-

tended to address the issues with assuming a uniform distribution of insertions under

the null hypothesis. In reality, there are numerous regions of the mouse genome which

are inaccessible for transposons, or that remain unresolved in the reference genome and

thus cannot be mapped to during insertion identification. For the SB transposon sys-

tem, insertions are also known to occur only at TA dinucleotide locations, which are not

necessarily uniformly distributed across the genome.

Using this approach, a number of Monte Carlo simulations are done to randomly

place the observed number of insertions in each chromosome at TA dinucleotide sites

that are in resolved regions of the reference genome for that chromosome. These sets of

simulations produce null distributions that can be used to identify significance thresholds

for the window size of given counts of insertion locations. For example, one study [48]

used Monte Carlo simulation to determine significance thresholds of six insertions within

130 kbp of each other, five insertions within 65 kbp of each other, or four insertions within

20 kbp of each other. These were then used as rules to identify CISs.

These techniques can produce results that are theoretically more accurate than Pois-

son distribution-based techniques due to accounting for insertion location biases. How-

ever, this is also less efficient and it has been shown that in practice results can still

be very similar to Poisson-based techniques [54]. Again, these approaches also focus

only on identifying only single common insertion locations instead of sets of co-occurring

locations.
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3.3.3 Gaussian kernel convolution techniques

One of the leading approaches has been based on Gaussian kernel convolution (GKC).

This has been developed for both CIS detection [52] and CCI detection of pairs [55].

The main concept behind GKC-based techniques is to apply a kernel function to create

a density surface in a one- or two-dimensional space that represents the insertion density

across the genome. Optimization techniques are then used to find the peaks on this

density surface, which represent CISs (for the one-dimensional version) or CCIs (for

the two-dimensional version). Kernel density estimation has traditionally been used to

estimate a probability distribution function of a random variable given a sample [57, 58].

In the two-dimensional version, all unique pairs of insertion locations are first gener-

ated. The chromosomes of the genome are concatenated, and the pairs represent points

on a two-dimensional domain of size GenomeWidth×GenomeWidth. The density sur-

face is built by applying a Gaussian-like kernel function with maximum value of one to

each insertion pair. Specifically, the density at a given point (x, y) is defined as:

density(x, y) =
NumPairs∑

i=1

K(x− xi)K(y − yi)

where K(z) = e−2z
2/h2

, (xi, yi) is the ith pair, and h is a kernel width parameter that

controls how quickly the value of the kernel function K(z) decreases for points away

from the insertion pairs. In the original 2DGKC paper, h values of 1000, 17487, 30579,

93506, 163512, 285930, and 500000 (in base pairs) were used [55].

Once the collection of all unique pairs is generated, an optimization technique is used

to locate the nearest peak on the density surface starting at each pair. Insertion pairs are

grouped into windows of size 1,500,000 bp, and nearest peaks are calculating using only

the insertion pairs in the current window and the surrounding eight windows. This speeds

up the optimization and is justified by the negligible impact from insertion pairs outside

that range. The collection of all unique peaks generated by this algorithm represent the

candidate CCI pairs. The original one-dimensional version of GKC is similar, but only

generates a density surface in one dimension (i.e. density(x) =
∑NumInsertions

i=1 K(x−xi))
and thus does not require first generating all unique insertion pairs.

Finally, permutation simulations are performed to evaluate significance of candidate
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CCI pairs. The 2DGKC algorithm defines a concept of cross-scale common co-occurring

insertions (csCCI), which are insertion pairs that are significant across a sufficient number

of kernel widths (i.e. the h parameter in the above kernel function) [55]. These are then

taken to be the final result set from this approach.

The GKC approach was the first to identify significant pairs of insertions rather

than significant single insertion sites. This technique can in theory be applied to find

higher order CCIs, but the combinatorial explosion of the search space (i.e. generating

all unique triples, quads, etc.) makes this computationally infeasible. For particularly

dense insertional mutagenesis data sets, GKC also does not scale well even in the two-

dimensional version. Another potential problem with this approach is that concatenating

chromosomes together to produce the insertion location feature space may produce spu-

rious results from insertion locations that get groped together at ends of two different

chromosomes. However, this is not really observed in practice due to the telomeric ends

of chromosomes where insertions are not likely to be mapped to.

3.3.4 Other techniques

Unlike other techniques that search for CISs or CCIs across the whole genome, Gene-

centric common insertion site analysis (gCIS) [53] is a method that only analyzes genomic

regions within RefSeq genes [59], including promoter regions. A p-value is estimated for

each RefSeq gene by comparing the observed and expected numbers of insertions in

the gene using a Chi-square test. The model for expected number of insertions takes

into account the number of tumors and their insertion counts, as well as the number

of candidate insertion locations within the gene (i.e. TA dinucleotides for SB-generated

data sets). The gCIS algorithm has been shown to identify novel CISs not discovered by

Poisson distribution-based techniques or Monte Carlo-based techniques [53]. However,

focusing on only analyzing insertions within RefSeq genes and promoter regions may

miss novel genes. The gCIS algorithm is also limited in being only able to identify CISs

and CCIs.

Another method that has been developed is Poisson Regression Insertion Model

(PRIM) [60]. This approach uses Poisson regression to estimate expected insertion

counts on a window-by-window basis. The more generalized Poisson model used in

PRIM avoids the overly-simplistic assumptions of more basic Poisson statistics-based
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techniques by accounting for variables such as chromosomal bias for insertion sites, or

TA dinucleotides within a window. Furthermore, PRIM also features a pairwise model

to estimate expected co-occurrence of candidate window pairs. However, higher order

patterns remain a challenge due to the combinatorial explosion of the search space.

3.4 Proposed Approach

In order to address the scalability challenges of existing techniques and locate higher or-

der CCIs, we have developed a new approach that identifies arbitrarily-sized co-occurring

insertion locations in a more efficient manner [61, 50, 51]. Our approach handles the com-

putational challenges of identifying higher order patterns by applying association analysis

and the Apriori principle [62, 63, 64]. Additionally, this approach uses a biologically-

meaningful approach for generalizing insertion locations, evaluates statistical significance

of candidate CCIs in a novel way, and accounts for the possibility of multiple tumors

originating from the same mouse in an insertional mutagenesis data set.

3.4.1 Apriori principle and frequent item set mining

Association analysis is traditionally discussed in relation to market basket transaction

data, in which the input data is a binary matrix in which rows are transactions or

purchases, columns are items that can be purchased, and matrix entries indicate the set

of items purchased in each transaction. The goal is to find item sets that co-occur in a

minimum number of transactions [62, 63].

The number of transactions that an item set co-occurs in is known as the support

count of the item set. All possible combinations of items must be examining to determine

whether or not they exceed a predefined support count threshold. The huge search space

of possible item set combinations is dealt with using an algorithm known as Apriori

which restricts the search space as infrequent item sets are found [64, 63]. An illustrated

example of this can be seen in Figure 3.1). Since support count is an anti-monotonic

property (i.e. any superset of a given item set must have the same or smaller support

count as that item set), supersets of an infrequent item set (i.e. support count below

the threshold level) can be removed from the search space, as they must be infrequent

as well.
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Figure 3.1: Illustration of support-based pruning in the Apriori algorithm. Letters
represent items, and boxes are possible item sets. When searching for item sets that
are above the support count threshold, the search space can be restricted by removing
all of an item set’s supersets when it is below the threshold. In the illustration above,
since item set AD is below the support count threshold, we know that ABD, ACD, and
ABCD will be as well, and thus they do not need to be examined or considered.

The Apriori algorithm has grown into a family of algorithms centered around this

principle that have improved the efficiency over the original technique. For example, the

Eclat algorithm [65] uses a depth-first search of the pattern space (as opposed to the

breadth-first search of Apriori) to improve performance in many cases. Frequent Pattern

growth (FP-growth) [66] is another newer frequent item set mining algorithm that uses

prefix tree data structures to obtain improved performance, and is the algorithm used

in our pipeline (see Section 3.4.3).

Association analysis techniques can be applied to insertional mutagenesis data in

order to address the computational challenges of examining all possible insertion site

combinations to discover higher order candidate CCIs. Rather than evaluating a set of

transactions, each defined by a set of items, we instead are evaluating a set of tumors,

each defined by a set of insertion sites. The resulting item sets, which can be single items

or sets of multiple items, can then be considered candidate CISs or CCIs.
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3.4.2 Generalizing insertion locations into genomic regions

In order to apply association analysis techniques to discover item sets in insertional

mutagenesis data, the data must first be transformed into a binary transaction matrix

in which rows represent tumors and columns represent insertion sites. Since nearly all of

the genomic coordinates of the insertion locations are likely to be unique across a data

set, these locations must first be generalized to represent genomic regions instead of

specific genomic coordinates. This allows for items (i.e. genomic regions) to be present

across multiple tumors in the transaction matrix. The process of generalizing insertion

locations can have a significant impact on the outcome of the overall analysis. If items

remain too specific to individual tumors, very few item sets will be returned. On the

other hand, generalization into very large genomic regions will result in single items that

grouped together insertion locations that have very different affects from each other, and

thus produce spurious results.

One approach to generalizing insertion locations into genomic regions is to apply

the one-dimensional version of the previously described GKC approach [52] (see Sec-

tion 3.3.3). In this case, each insertion location is used to build a density function

defined by:

density(x) =

NumInsertions∑
i=1

K(x− xi)

where K(z) = e−2z
2/h2

, xi is the ith insertion location, and h is a kernel width parameter

that controls how quickly the value of the kernel function K(z) decreases for points

farther away from the an insertion location. The nearest peak on this density surface

for each insertion location is then identified. This is essentially a version of “clustering”

insertion locations together via their density.

An alternative approach would be to make each item in the transaction matrix rep-

resent a particular gene, and then assign each insertion location to its nearest gene. This

offers the advantage of working with biologically-meaningful items. In our algorithm, the

nearest gene for each insertion location is determined using the closest command from

the bedtools software package [67]. Gene coordinates are taken from the RefSeq database

[59] using the relevant mouse reference genome (i.e. GRCm37 or GRCm38, depending

on the reference used for mapping insertion locations).

In our pipeline, we have chosen to use the nearest gene approach for generalizing
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Figure 3.2: An example of an insertional mutagenesis data set after mapping insertions
to their nearest genes and transforming the data into a binary transaction matrix. Ones
represent presence of a gene in a given tumor. Tumors T1–T14 are each obtained from
their own unique mouse (i.e. M1–M14). Mice M15, M16, and M17 each have two tumors.

insertion locations. In some of the experiments described below in which we compare

our approach against the 2DGKC approach [55], the GKC-based clustering approach

was used instead in order to facilitate fair comparison of results.

3.4.3 Generating candidate CCIs

The first step in our proposed approach is to remove insertions that occur in hotspot

or artifact regions identified in previous studies [54, 68]. Each remaining insertion is

then mapped to its nearest gene using the previously described process in Section 3.4.2,

resulting in a set of tumors each containing a set of genes (rather than raw insertion

locations). A binary transaction matrix is then constructed in which rows represent

tumors and columns represent genes. Note that some tumors may contain multiple

insertions that map to the same gene. A toy example of an insertional mutagenesis data

set after mapping insertions to genes is given in Figure 3.2.
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With a binary transaction matrix constructed, frequent item set mining can then be

applied. We use the FP-growth algorithm [66] for this purpose, specifically the imple-

mentation developed by Christian Borgelt [69, 70]. The support count threshold is set

to three, meaning all item sets must co-occur in at least three rows (i.e. three tumors)

of the transaction matrix in order to be considered frequent. We use sup(I) to indicate

the support count of item set I throughout the description of our proposed approach

Rather than identify all frequent item sets, we return only closed frequent item sets

[71, 72]. This excludes item sets with the same support count as one of their supersets.

For example, in Figure 3.2, item sets {A,B,C}, {A,B}, {A,C}, and {B,C} are all

frequent (among others). Of those four item sets however, only {A,B,C} and {B,C}
are closed frequent item sets, as none of their supersets have the same support count

as they do (three and five, respectively). Item sets {A,B} and {A,C} are not closed

since they have the same support count (three) as their superset {A,B,C}, and thus

not returned. They are not considered interesting because they provide no additional

information not already captured by the frequent item set {A,B,C}. Closed frequent

item sets contain the same information as the set of all frequent item sets, but in a more

compact form, which allows for lower support count thresholds without running into

computational or memory issues during item set mining.

To determine statistical significance, a p-value is calculated for each candidate item

set by modeling its support count (i.e. the number of tumors containing all of the items

in the set) as the test statistic. The null distribution is modeled as a binomial with the

number of trials equal to the number of tumors and the probability parameter equal to

the joint probability of the individual insertions in the item set occurring together. That

probability is calculated by multiplying the observed frequencies of each item in the item

set. Thus, the p-value for an item set I = {i1, i2, i3, . . . , im} is defined as:

p-value =

N∑
j=sup(I)

(
N

j

)
p(I)j(1− p(I))N−j (3.1)

where N is the number of tumors in the insertional mutagenesis data set, and p(I) is

defined as:

p(I) =

m∏
k=1

sup({ik})
N

(3.2)
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For example, consider the item set I = {A,B,C} in Figure 3.2. The frequency of A

in the overall data set is 4/20, the frequency of B is 11/20, and the frequency of C is

6/20. Thus we have:

p(I) =
m∏
k=1

sup({ik})
N

=
4

20
· 11

20
· 6

20

= 0.033

as the expected probability of observing item set I in an individual tumor. Using the

above binomial model for the null distribution for support count, which was observed as

sup(I) = 3, we then have:

p-value =
N∑

j=sup(I)

(
N

j

)
p(I)j(1− p(I))N−j

=
20∑
j=3

(
20

j

)
0.033j(1− 0.033)20−j

= 0.0269

3.4.4 Accounting for multi-tumor mice

Another aspect that existing approaches do not consider is the possibility of spurious

patterns that arise from the presence of multi-tumor mice in the insertional mutagenesis

data set. In an ideal data set, each tumor develops independently in multi-tumor mice.

However, there is a possibility that some tumors in the data set may be metastatic

tumors that developed from the same evolutionary tree as another primary tumor in the

same mouse. In such cases, there would be high correlation of insertion patterns in the

two tumors.

For example, consider mouse M17 in Figure 3.2, which has two tumors that originated

from it (i.e. T19 and T20), each with a similar set of insertion-affected genes. A possible

explanation for this scenario is that T20 was the primary tumor and contained insertions

in or near genes B, C, and E. Following that, the tumor metastasized to form secondary

tumor T19, which later also acquired an additional insertion in or near gene A. If the
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item set {B,C,E} is not actually associated with tumorigenesis, it is then at risk of

being reported as a spurious result. Our model would wrongly assume that this set of

insertions was acquired in T20 and T19 independently when it was really just acquired

in one of them, and thus return an artificially low p-value.

To address this concern, we propose a modification to our model that accounts for

this situation when two of more of the supporting tumors for an item set originate

from the same mouse. Specifically, for an item set I = {i1, i2, i3, . . . , im}, we define

sup∗(I) to be the number of mice that the item set exists in (in contrast to sup(I) which

defines the number of tumors that the item set exists in). We also define supmod(I) =

sup(I)− sup∗(I) to be the support modification, which is the difference between the two.

The p-value is then calculated as if any tumors containing I and coming from the same

mouse were actually a single tumor, with corresponding changes to overall tumor counts

and support counts. Specifically, we have:

p-value =

N−supmod(I)∑
j=sup∗(I)

(
N − supmod(I)

j

)
p(I)j(1− p(I))N−supmod(I)−j (3.3)

with:

p(I) =
m∏
k=1

sup∗({ik})
N − supmod(I)

(3.4)

In the prior example of item set {B,C,E} in Figure 3.2, under our original model

we would have:

p(I) =
m∏
k=1

sup({ik})
N

=
11

20
· 6

20
· 8

20

= 0.066
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and:

p-value =

N∑
j=sup(I)

(
N

J

)
p(I)j(1− p(I))N−j

=

20∑
j=4

(
20

j

)
0.066j(1− 0.066)20−j

= 0.0392

But under the modified model that merges the two same-mouse tumors and thus effec-

tively considers 19 overall tumors and a modified support count of 3 for the item set, we

have:

p(I) =
m∏
k=1

sup∗({ik})
N − supmod(I)

=
10

19
· 5

19
· 7

19

= 0.051

and:

p-value =

N−supmod(I)∑
j=sup∗(I)

(
N − supmod(I)

j

)
p(I)j(1− p(I))N−supmod(I)−j

=

19∑
j=3

(
19

j

)
0.051j(1− 0.051)19−j

= 0.0699

Additionally, an item set I is removed if sup∗(I) is less than the support count threshold,

which is set to three in our pipeline.

Note that it is inadequate to simply consider mice to be the rows of the transaction

matrix, merging together insertions from all of a mouse’s tumors. Doing so would create

false co-occurrences between insertions from distinct tumors. The tumors from the same

mouse may share some insertions, but may also have their own set of distinct insertions.

Thus, we believe our proposed model is appropriate to correct for this situation on an

“item set by item set” basis.
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3.4.5 Handling multiple hypothesis testing

One of the challenges in evaluating the statistical significance of CCIs is in handling

multiple hypothesis testing. Standard Bonferroni correction is often inadequate due to

the large result set size that can be returned. As part of our analysis pipeline, we have

developed two approaches for handling multiple hypothesis testing. The first approach is

based on generating permutation simulations to calculate the false discovery rate (FDR)

and corresponding q-values for each pattern. The second approach applies a filtering

criteria to first remove uninteresting patterns and then apply Bonferroni correction on

the much smaller result set.

Permutation-based false discovery rate approach

In order to account for multiple hypotheses testing under the permutation-based FDR

approach, the significance of each candidate item set is determined by empirically es-

timating its q-value [73], which is the minimum FDR at which the test may be called

significant [74]. This is done by running thousands of simulations in which the tumor

that each insertion appears in is randomized while preserving the overall set of insertion

locations and the number of insertions in each tumor. The q-value for each candidate

item set is calculated as the percent of simulated results that had a p-value better than

or equal to the p-value of the candidate item set divided by the percent of real item sets

with a p-value better than or equal that of the candidate item set. CCI results can then

be sorted by q-values to prioritize by statistical significance, and a q-value cutoff can be

used to determine “final” result sets.

An ideal strategy for the permutation simulations should randomize the tumor mem-

bership for all items while maintaining the overall frequency for each item across tumors,

as well as maintaining the number of insertions in each tumor. In other words, the

row and column margin counts for the binary transaction matrix should be conserved.

This keeps the characteristics of the distribution consistent while breaking relationships

between individual items, thus forming a null distribution of insertions in which real

co-occurrence between items disappears.

One randomization approach that accomplishes this is the swap randomization tech-

nique [75, 76]. Briefly, swap randomization works by representing the binary transaction

matrix as a bipartite graph in which one disjoint set of nodes represents the rows of the
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transaction matrix, the other set of nodes represents the columns, and edges represent

the presence of an item in the corresponding entry of the transaction matrix. Two edges

that do not share a node on either side of the bipartite graph are chosen at random, and

their connections are “swapped.” This is then repeated a sufficient number of times to

create a random bipartite graph with the same number of edges and same node degrees,

and thus a binary transaction matrix with the same row and column margin counts.

The approach developed by Gionis et al. [76] uses a Markov chain in order to guarantee

that the new graph is uniformly sampled (i.e. the uniform stationary distribution of the

Markov chain is uniform) from the space of all possible bipartite graphs with the same

number of edges and the same node degrees.

For some data sets, swap randomization may be too computationally inefficient con-

sidering swap randomization runs should ideally occur thousands of times to build an

adequate set of permutation simulations. This is discussed further in Section 3.5.3. Al-

ternative approaches include sampling the appropriate number of insertions for each

tumor based on the overall frequencies observed for all insertions, as well as permuting

the tumor-to-insertion relationship across all tumor-insertion pairs (which we will refer

to later in Section 3.5.3 as the permute randomization approach). These techniques are

not guaranteed to conserve margin counts of the binary transaction matrix, but are much

more computationally efficient than swap randomization.

Self-sufficient item set filtering approach

One way to filter item sets before evaluating statistical significance is to simply raise

the support threshold parameter for the closed frequent item set mining algorithm. For

particularly dense insertional mutagenesis data sets, this may actually be necessary. In

general though, this is undesirable because many of the CCIs that actually directly lead

to tumorigenesis are expected to have low support counts. A better filtering criteria

would attempt to measure the interestingness of a pattern in some way that accounts

for more than just its support count.

Toward this end, we have applied a modified version of the self-sufficient item set

concept developed by Webb [77]. Self-sufficient item sets are item sets that meet three

criteria for (1) productivity, (2) non-redundancy, and (3) independent productivity. Item

sets that do not meet these criteria can be filtered out, as they are either not informative
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or redundant with a different self-sufficient item set.

An item set is considered to be productive if, over every possible partition of the

item set into two subsets, its support count is greater than would be expected from the

support counts of the two subsets. In other words, every possible two-subset partition

must be positively associated with each other. This is measured via a Fisher’s exact test

and a significance threshold of 0.05. Specifically, an item set I is productive if:

max
X(I

(
pF (X, I \X)

)
≤ 0.05 (3.5)

where pF (X, I \X) is the p-value from a one-tailed Fisher’s exact test of positive asso-

ciation between item set X and item set I \X (i.e. the items in I that are not in subset

X). This is defined formally as:

pF (X,Y ) =
ω∑

i=0

( sup(X)
sup(X∪Y )+1

)( N−sup(X)
sup(Y )−sup(X∪Y )−1

)(
N

sup(Y )

) (3.6)

where ω = min(sup(X)− sup(X ∪ Y ), sup(Y )− sup(X ∪ Y )) and N is the total number

of tumors in the insertional mutagenesis data set (or rows in the binary transaction

matrix).

The second requirement for self-sufficient item sets is non-redundancy. An item

set I is redundant if it contains a proper subset Y , Y contains an item i, and every

row in the transaction matrix that contains Y \ i also contains i. In other words, i

always implies the “rest of” Y . As an example, consider a binary transaction matrix

of medical data containing the frequent item set {Hospitalized, DischargedToHome,
HeartAttack}. The subset Y = {Hospitalized, DischargedToHome} contains an item

i = DischargedToHome that always implies the presence of item Hospitalized. Thus,

the item set {DischargedToHome, HeartAttack} may potentially be interesting, but

the item set {Hospitalized, DischargedToHome, HeartAttack} is redundant and can

be filtered out from the result set. Formally, an item set I is redundant if:

∃i, Y : i ∈ Y ∧ Y ( I ∧ {t : t ∈ T ∧ i ∈ t} ⊇ {t : t ∈ T ∧ Y \ i ⊆ t} (3.7)

where T is the set of all transaction rows in the transaction matrix (or the set of all
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tumors in our case). Such item sets are redundant because i is known to always co-occur

with Y \ i, and thus these redundant item sets can be filtered out.

Finally, self-sufficient item sets are also required to be independently productive.

This accounts for situations in which one self-sufficient item set is a superset of another.

For an item set to be independently productive, it must be productive even in the context

of rows in the transaction matrix that do not contain any self-sufficient supersets. This

avoids “driver-passenger” situations in which a superset item set is the main item set

“driving” the pattern, and its subsets appear to be significant or productive, but are

actually spurious patterns and not the main patterns of interest. The formal definition

of independent productivity is the same as for productivity, except that Equation (3.5)

is only applied to a subset of the transaction matrix. Specifically, when evaluating the

independent productivity of item set I, we first remove all rows of the transaction matrix

that contain sets of additional items from any self-sufficient supersets of I. For example,

if there exist item sets {A,B,C,D} and {A,B,C,E} that are self-sufficient, then when

evaluating the independent productivity of item set {A,B,C} we first remove all rows

of the transaction matrix that contain either D or E and then apply Equation (3.5).

Self-sufficient item sets have been shown to be an effective technique for filtering down

to the most relevant or informative patterns after frequent item set mining [77, 78]. For

our pipeline, we use a modified version of this approach that removes the requirement

for non-redundancy. The requirement for non-redundant item sets is meant to address

strict dependencies in the data set (i.e. one item, by definition, always implies the

presence of another item or set of items). This makes sense for certain types of data,

such as the prior example of the item DischargedToHome always implying the presence

of item Hospitalized. In the case of insertional mutagenesis data however, the insertion

process happens randomly and insertions in one location do not require the presence of

a different insertion site in order to occur. It should be noted that strict dependencies

between observed insertion sites may be present in the data set by chance, but these do

not reflect real dependencies.

Because of this caveat, we remove the requirement for item sets to be non-redundant.

However, independently productivity of item sets is still evaluated in the context of the

item set’s supersets that are fully self-sufficient (i.e. productive, non-redundant, and also

independently productive in the same sense). This approach effectively is less stringent
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in allowing for item sets to pass filtering by not requirement non-redundancy, but just

as stringent for deciding which item sets are part of the context in which independent

productivity is evaluated. The motivation for this is discussed later in Section 3.5.2, with

evidence from simulated insertional mutagenesis data sets with known ground truth.

Unless otherwise specified, we will define the concept of independently productivity in

this context for the rest of this chapter.

Finally, after removing all item sets that do not meet the modified self-sufficient item

set filtering criteria, we are left with an ideally far smaller set of the most informative

item sets. In order to account for multiple hypothesis testing on this much smaller result

set, a Bonferroni correction is applied to the item set p-values.

3.5 Experimental Results

3.5.1 Comparison with GKC approach

To compare our approach (referred to as AA for association analysis in this section) with

the Gaussian kernel convolution approach (GKC), we ran both algorithms on insertional

mutagenesis data from the Retroviral Taged Cancer Gene Database (RTCGD) [79]. This

data set was used to evaluate the 2DGKC approach in its original paper [55]. The version

of the RTCGD data set used in de Ridder et al. [55] contains insertions generated from

retroviral tagging. After removing tumors with only one insertion (which can be ignored

as the goal is to find higher order patterns), the data set contains 5,143 insertions in

1,031 tumors.

For these experiments we used a support count threshold of two for finding the

closed frequent item sets. Even this weak constraint performs a significant pruning of

the pattern space. In particular, out of 14,499 possible pairs, only 2,804 pairs (across

all eight kernel widths) survived this minimal level of pruning. Of these, the highest

support count was eleven. To facilitate ease of comparison between results from the AA

and the GKC approaches, we use the GKC-based clustering approach for generalizing

insertion locations into insertion sites to prepare input data for the AA approach.

There were 137 triples with a support count of two and one triple with a support

count of three. There were only six quads (i.e. CCIs containing four genes), all with a

support count of two. A more detailed account of these results, broken down into results
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Support Count

Pairs Triples Quads
Kernel width
(base pairs) 2 3 4 5 6 7 8 9 10 11 2 3 2

10,000 77 6 5 1 1 0 0 1 0 0 1 0 0
17,487 107 10 4 4 1 0 0 0 1 0 2 0 0
30,759 137 13 6 4 1 0 0 0 1 0 4 0 0
53,472 179 22 8 4 2 0 0 0 1 0 6 0 1
93,506 250 29 13 4 2 1 1 1 2 0 14 0 1
163,512 363 43 15 5 2 1 1 1 2 0 20 0 1
285,930 538 91 18 10 2 2 1 1 1 1 36 0 1
500,000 648 109 29 11 3 3 1 1 1 1 54 1 2

Total 2299 323 98 43 14 7 4 5 9 2 137 1 6

Table 3.1: Summary of item set results from AA approach for RTCGD data set. Each
entry is the number of occurrences of item sets with a particular support count and
size (i.e. pair, triple, or quad). Each row reflects the results from using a different
kernel width to generalize insertion locations into insertion sites and items in the binary
transaction matrix.

per kernel width, is shown in Table 3.1. As might be expected, the number of patterns

increases as the size of the kernel width increases. We are only interested in the pairs

produced by the AA approach when comparing against the GKC approach, as GKC does

not identify higher order patterns.

Consistency of resulting patterns

For the same RTCGD data set, 86 significant CCIs (pairs) were found using the GKC

approach, which evaluates significance by requiring a CCI to be statistically significant

across a sufficient number of kernel widths (see [55] for details.) Such pairs are referred

to as cross scale common co-occurring insertions (csCCI). Since the locations of similar

CCIs are not necessarily the same between the AA and GKC approaches, we use the

requirement that two CCIs must have a Euclidean distance less than half their window

size (see Section 3.3.3) in order to be considered a match (i.e. in order to claim that

both represent the same CCI).

For our first comparison with the csCCIs found by GKC, we compared all the pairs

found by the AA approach with the ranked list of 86 csCCIs from the GKC approach.

All but one of the csCCIs are found in at least one of the kernel widths in the AA
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approach. The one csCCI that is not found is the pair with coordinates 801,913,615

and 802,003,315 in terms of absolute base pair locations within the genome. This csCCI

could be caused by a single CIS that was considered as a pair in the GKC approach, but

not by our AA approach. Overall, the AA approach found all of the significant CCIs that

the GKC approach produces, plus additional CCIs not found using the GKC approach.

However, there are differences in significance.

Since only examination of the pairs of genes by domain experts can determine if a

CCI is biologically meaningful, it is difficult to evaluate either approach in terms of its

ability to return biologically relevant results. Instead, we can only rank results in order

of statistical significance, in the belief that the more biologically relevant patterns are

likely to exist near the top of these lists. Therefore, in addition to knowing that the CCIs

from the GKC approach can be found in patterns produced by the AA approach, we

also wanted to examine if the “best” CCIs are consistent between the two approaches.

We computed the FDR q-values for the CCIs produced by the AA approach in all 8

kernel widths. These FDR q-values are not intended to prove any biological meaning,

as that can only be done through in vitro or in vivo experimental validation. We are

using q-values, as one possible measure of statistical significance, to rank our pairs to

verify that the top pairs found by the AA approach are consistent with those found by

the GKC approach. Of the original 2,804 CCIs, there are 66 that were found to have an

FDR q-value of 0.5 or less. We take these 66 CCIs to represent the “best” of the CCIs

found by the AA approach. Note that this set includes some duplicate pairs that are

found using more than one kernel width.

Table 3.2 shows, for the top ten csCCIs from the GKC approach, how many times

that pair was found in the list of 66 significant CCIs produced by the AA approach. The

best csCCIs were found to be significant in more kernel widths in the AA approach. The

top three csCCIs from the GKC approach were significant in all eight kernel widths in the

AA approach, the 4th through 9th ranked csCCIs were significant in four to six kernel

widths each, and a select few of the csCCIs ranked between 10 and 23 were significant

in one or two kernel widths in the AA approach. For reference, Table 3.3 presents

the complete list of the top 66 insertions that were discovered by the AA approach.

Note that the better csCCIs also tended to have better average FDR q-values for their

matched pairs from the AA approach. This demonstrates that the ten most significant
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# Matches from Average FDR
csCCI Rank AA approach across kernel widths q-value

1 8 0.054
2 8 0.259
3 8 0.324
4 6 0.382
5 4 0.144
6 5 0.367
7 5 0.395
8 4 0.402
9 5 0.395
10 1 0.499

Table 3.2: Number of matched significant pairs from the AA approach for each of the
top ten pairs from the GKC approach and their average FDR q-value.

pairs produced by the GKC approach can be found among the top 66 significant pairs

(csCCIs) produced by the AA approach. Table 3.3 also shows that the AA approach

produces roughly the same ranking in terms of statistical significance for these pairs.

Computational efficiency

As discussed previously, a major disadvantage of the GKC approach is the exponential

computational complexity involved in finding higher order patterns. The AA approach

is designed to scale well by efficiently pruning the search space of higher order patterns

to examine. Figure 3.3 shows the run times for these two approaches for RTCGD along

with two other more dense insertional mutagenesis data sets, which we refer to as mp1

and mp2. The run times for the two approaches on the RTCGD data set are roughly

equivalent, although it should be noted that the GKC approach only finds significant

pairs. Thus, the AA approach finds CCIs of all sizes in the same amount of time that it

takes the GKC approach to find only CCI pairs.

We did not develop algorithms for finding triples or other higher order patterns using

the GKC methodology, but as mentioned earlier the combinatorial explosion of possible

patterns would result in an exponential increase in run time, since the GKC approach

does not have the search space pruning offered by the AA approach. Additionally, the

run times using the mpl and mp2 data sets demonstrate that the AA approach scales

much better than the GKC approach for denser data sets, while again also locating
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Kernel widths Min Max Average csCCI
Gene(s) 1 Gene(s) 2 found in q-val q-val q-val Rank

Sox4 Hhex 1,2,3,4,5,6,7,8 0.011 0.161 0.054 1
Gfi1 Myc 1,2,3,4,5,6,7,8 0.051 0.498 0.259 2
Rras2 Myc 1,2,3,4,5,6,7,8 0.151 0.498 0.324 3
Hoxa9/Hoxa7 Meis1 1,2,3,4,5,6 0.319 0.466 0.382 4
Gfi1 Myb 4,5,6,7,8 0.259 0.498 0.367 6
Notch2 Sox4 1,2,3,4,5 0.319 0.499 0.395 9
Myb Myc 5,6,7,8 0.087 0.238 0.144 5
Myc Pim1 2,3,4,5 0.319 0.499 0.395 7
AA81470/Iqce Sox4 4,5,6,8 0.331 0.466 0.402 8
Rpa1 Sox4 7,8 0.318 0.437 0.377 15
Sox4 Rreb1 1,4 0.407 0.498 0.452 11
Gfi1 Sox4 4,5 0.498 0.499 0.498 13
Gfi1 Ccnd2 4 0.498 0.498 0.498 16
Sox4 Ifnar1 4 0.498 0.498 0.498 17
Notch2 Rreb1 4 0.498 0.498 0.498 23
Ccnd1 Myc 5 0.499 0.499 0.499 10

Table 3.3: Pairs (described by their probable cooperating genes) found by the AA
approach with an FDR q-value less than 0.5; kernel widths they are found in; minimum,
average, and maximum FDR q-values from those kernel widths; and rank of the csCCI
pair they are matched with from the GKC approach.
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Figure 3.3: Comparison of running times (in seconds) between the AA and GKC
approaches for the RTCGD, mp1, and mp2 data sets. Experiments are performed using
a 2.3GHz AMd Opteron processor. The GKC algorithm used here is an optimized version
of that used in de Ridder et al. [55].

higher order patterns instead of just pairs. Note that for the GKC algorithm, we used

our own implementation of GKC, which is more efficient than the original one used in

de Ridder et al. [55]. Experiments showed that this optimized version performed 16 to

26 times as efficiently, depending on the kernel width.

Our experiments show that there is considerable overlap of the top ten pairs produced

by the GKC approach and the top pairs of the AA approach. Furthermore, all of the

top 86 pairs found by GKC were also discovered by the AA approach, although not

at the same levels of significance (there was one exception explained previously). For

the RTCGF data set, the AA approach runs in a similar amount of time as the GKC

approach while also finding additional higher order patterns. For more dense insertional

mutagenesis data sets containing more insertions per tumor, the AA approach is also

found to scale better than the GKC approach.
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3.5.2 Results from simulated data sets

In order to evaluate our approach on insertional mutagenesis data sets with a known

ground truth (i.e. the sets of genes that lead to tumor formation when all faced with

concurrent insertions), we created a series of simulated data sets. This was done to eval-

uate the efficacy of the self-sufficient item set filtering criteria described in Section 3.4.5.

Specifically, we are interested in examining how effective the filtering is in terms of re-

ducing final item set calls, as well as in terms of retaining the “true” CCIs after filtering.

Each simulated insertional mutagenesis data set consisted of 100 tumors and 1000

possible genes that can be affected by an insertion. For each data set, we also randomly

generated a collection of cancer gene sets that, when all affected by insertions in the

same sample, cause that sample to be categorized as a tumor. The number of insertions

in each sample was drawn from a Gaussian distribution with a mean of 30 insertions and

a standard deviation of 15 insertions. The insertion locations were equally likely to affect

any gene window. If for a particular sample there were insertions in every gene of one of

the cancer gene sets for the current data set, then that sample would be categorized as

a tumor. Samples were repeatedly generated until there were 100 total tumor samples.

Each cancer gene set contained three different genes, and there were no genes that

were present in multiple cancer gene sets in the same data set. We simulated four

scenarios of simulated data, containing three, five, ten, and twenty cancer gene sets

respectively. For each of these scenarios, there were ten iterations of data sets that were

generated, and results were averaged across these ten iterations.

We evaluated three different filtering criteria all based upon the concept of self-

sufficient item sets. The first approach is to use the full version of self-sufficient item sets,

as described in Webb and Vreeken [78]. Because items in insertional mutagenesis data

sets should not have strict dependencies (at least in terms of insertion site combinations

that are theoretically possible), the requirement for item sets to be non-redundant may

not be appropriate for these types of data sets. The second and third approaches remove

this requirement from the filtering criteria. However, this leaves a question of how

to evaluate independent productivity of item sets. Normally, this is evaluated in the

context of all other fully self-sufficient item sets. Our second filtering approach evaluates

independent productivity in the context of all other item sets that are productive and

independently productive (but can still be redundant). Our third filtering approach still
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Figure 3.4: Filtering efficiency from simulated insertional mutagenesis data sets. Three
filtering approaches are compared on four different groups of data sets. The number of
closed frequent item sets from each data set group is displayed along the x axis, and the
percentage of item sets remaining after different filtering approaches is plotted (with the
actual number remaining displayed on the bars). The lighter colors indicate the item
sets after filtering, and the darker colors indicate the item sets that are significant at a
0.05 level after filtering and Bonferroni correction. Results for each data set group are
averaged over ten simulation iterations.

evaluates independent productivity in the context of all fully self-sufficient item sets (i.e.

item sets that are productive, non-redundant, and independently productive).

Figure 3.4 displays the filtering performance results of these three filtering approaches

(colored in order red, green, and blue, respectively) on the four aforementioned simulated

data set scenarios. The results for each scenario are the average taken over the ten

simulation iterations. In general, as the number of cancer gene sets used to generate the

simulated data increases, the number of raw closed frequent item sets return decreases

while the percentage of item sets remaining after filtering increases. Within each scenario,

the three filtering approaches are reasonably similar in terms of number of item sets

filtered. This ranges from ∼ 35% of item sets remaining after filtering for the scenario

of three potential cancer gene sets, to ∼ 80% remaining for the twenty potential cancer

gene sets scenario.
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These results demonstrate that the combination of filtering and significance testing

after Bonferroni correction drastically reduces the number of item sets in the final result

set. In all cases, less than 15% of all of the original item sets are marked as significant

and are returned in the final result set using any version of our self-sufficient item set

filtering approach.

We are also interested in examining how many of the cancer gene sets used to generate

the simulated data remain in the final result set after filtering and significance testing,

since these represent the “true” CCIs that our approach should be identifying. The

percentage and number of cancer gene sets marked as significant in all scenarios is shown

in Figure 3.5. For the first three scenarios (i.e. three, five, and ten cancer gene sets used

to generate the simulated data sets), the third filtering approach (i.e. no redundancy

requirement except for independent productivity) had all cancer gene sets in the final

result set for every simulation iteration, while the other two approaches often filtered

some of these out. In the scenario of twenty cancer gene sets, not all of these were

returned in the final result set by the third filtering approach, and performance was

more similar between the first and third approaches. Note however that in this case

(and for hypothetical scenarios of even more cancer gene sets), not all of the potential

gene sets are necessarily present in tumors, thus some may not have a strong signal

regardless of filtering.

For the first filtering approach (i.e. self-sufficient item sets), the requirement for

non-redundancy often results in true CCIs being filtered out due to a perceived strict

dependency amongst genes in the set. In order to be considered non-redundant, each of

the genes in the set must occur independently of other genes in the set in at least some

tumors, which should not necessarily be a requirement for identifying interesting CCIs.

These simulated data sets with known ground truth demonstrate that “real” cancer gene

sets can also be redundant item sets.

Both the second and third filtering approaches remove the non-redundancy require-

ment but evaluate independent productivity in different ways. Surprisingly, the context

in which independent productivity is evaluated can have a drastic effect on the percent

of “true” CCIs returned. For the second filtering approach (i.e. no non-redundancy

requirement), independent productivity is evaluated in the context of item sets that may
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Figure 3.5: Filtering accuracy from simulated insertional mutagenesis data sets. Three
filtering approaches are compared on four different groups of data sets. The number of
closed frequent item sets from each data set group is displayed along the x axis, and
the percentage of “true” cancer gene sets remaining after different filtering approaches
is plotted (with the actual number remaining displayed on the bars). Results for each
data set group are averaged over ten simulation iterations.

44



be redundant. This increase the size of the context set, and thus may include extra un-

interesting patterns in that context set. “True” CCIs may be filtered out because they

are not independently productive in the context of such uninteresting patterns, which

may explain why these real patterns of interest are not being returned by the second

filtering approach.

In all scenarios, the third filtering approach (i.e. no redundancy requirement except

for independent productivity) retained more of the true cancer gene sets than the other

two filtering approaches. This, combined with the evidence that the filtering efficiency

differences are fairly negligible between approaches (see Figure 3.4), suggests that the

third filtering approach is ideal for reducing the size of the result set while also retaining

the causal cancer gene sets.

These simulated data sets do not mirror the intricacies and complexity of real-world

insertional mutagenesis data sets. More advanced simulation models could be explored in

order to further investigate the right filtering approach, but ultimately only experimental

wet-lab validation of CCIs from real data sets can be relied on to validate the efficacy

of any approach. However, the evidence reported here at least demonstrates that our

filtering approach is effective at reducing the number of CCIs in the final result set while

likely still retaining the important ones.

3.5.3 Results from Sleeping Beauty transposon experiment data sets

We further evaluated our approach on a series of ten insertional mutagenesis data sets.

All data sets were developed in mice using the Sleeping Beauty transposon systems, but

vary in terms of the size (i.e. number of tumors), insertion density, and ratio of tumors

to mice. Table 3.4 contains a summary of the characteristics for all ten data sets.

Evaluation using permutation-based FDR approach

After using our approach to generate closed frequent item sets on these data sets and to

correct for multi-tumor mice, we first applied our permutation-based FDR strategy for

handling multiple hypothesis testing. We use two previously discussed randomization

strategies, permute randomization and swap randomization, each over 1000 iterations.

The best FDR q-values in each data set’s results are shown in Table 3.5. Data sets HS,

TOS, and MET are the only three in which the swap randomization approach could
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Insertions / Tumor Tumors / Mouse
Data Set Tumors Insertions (mean ± SD) Mice (mean ± SD)

CRC [60] 135 16,599 122.96 ± 99.47 47 2.87 ± 2.36
HS [50] 92 1,554 16.89 ± 19.42 36 2.56 ± 1.36
LC [51] 23 22,311 970.04 ± 343.06 13 1.77 ± 1.17
GITP19 51 15,989 313.51 ± 179.84 28 1.82 ± 0.77
GITP53 30 27,479 915.97 ± 372.00 25 1.20 ± 0.41
TOS 23 4,351 189.17 ± 200.10 21 1.10 ± 0.30
NF 267 136,290 510.45 ± 324.09 54 4.94 ± 3.22
PNST 99 32,676 330.06 ± 311.19 62 1.60 ± 0.93
OSQ 122 17,878 146.54 ± 137.11 89 1.37 ± 0.66
MET 127 9,573 75.38 ± 63.66 23 5.52 ± 4.13

Table 3.4: Summary of size and density of Sleeping Beauty-generated insertional mu-
tagenesis data sets analyzed.

complete 1000 iterations in under 72 hours. Note that for the NF data set, which was

the largest data set by far with 136,290 total insertions, the minimum support count

threshold was set to twenty instead of three in order to avoid out-of-memory issues.

As noted earlier in Section 3.4.5, the swap randomization approach for permutation

is more accurate in terms of conserving row and column margin totals in the binary

transaction matrix. However, it is only able to run in a reasonable amount of time

for 1000 iterations in the three data sets with the smallest numbers of total insertions.

Thus, this permutation strategy does not scale well for larger or more dense insertional

mutagenesis data sets.

The permute randomization approach can be run successfully for all ten data sets,

but the randomization does not guarantee conservation of the margin totals in the binary

transaction matrix, which would mean that the null distribution of insertions generated

over the iterations may not be a valid model. There is some evidence that this translates

into differences in the resulting patterns. For the HS data set, the same ten CCIs top the

ranked list of results (sorted by FDR q-value) and the FDR q-values are fairly consistent.

Differences occur in the MET and TOS data set however. Although the top FDR q-

values from the two randomization approaches are similar for MET, only six CCIs can be

found in the top ten results from both, and the top three from the permute randomization

approach are outside of the top twenty in the swap randomization approach. For the

TOS data set, although the top three CCIs are the same in both approaches, there are
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Best FDR q-value Best FDR q-value
Data Set (Permute Randomization) (Swap Randomization)

CRC 0.633 -
HS <0.001 <0.001
LC 0.639 -
GITP19 0.480 -
GITP53 0.494 -
TOS 0.245 0.561
NF <0.001 -
PNST 0.635 -
OSQ 0.517 -
MET 0.918 0.967

Table 3.5: Best FDR q-values for Sleeping Beauty-generated insertional mutagenesis
data sets using the permutation-based FDR based approach and 1000 iterations of both
permute randomization and swap randomization. Dashes indicate the randomization
iterations did not complete within 72 hours.

major differences in their associated FDR q-values (i.e. 0.245 for permute randomization

vs. 0.561 for swap randomization for the top CCI), and there is only an overlap of four

between the two sets of top ten CCIs.

Although the permute randomization approach appears to act as a sufficient proxy for

swap randomization for the HS data set, that does not appear to be the case for larger or

more dense data sets. Since the swap randomization approach is computationally infeasi-

ble for more dense data sets, the permutation-based FDR approach for handling multiple

hypothesis testing may be insufficient for analyzing such large insertional mutagenesis

data sets. It should also be noted that regardless of the randomization methodology, the

permutation-based FDR approach in general does not account for multi-tumor mice in

the null distribution model. This may lead to spurious results for data sets with higher

average tumors per mice, such as MET.

Evaluation using self-sufficient item set filtering approach

We developed the self-sufficient item set filtering approach for multiple hypothesis testing

in order to address the issues with scalability for the permutation-based FDR approach.

This was applied to the same ten SB insertional mutagenesis data sets. Specifically, we

used the filtering criteria that was shown to be most effective in Section 3.5.2. Item sets
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Closed
Data Set Item Sets |I| ≤ 10 sup∗(I) ≥ 3 After Filtering

CRC 3,512 3,512 (100.0%) 3,228 (91.9%) 3,228 (91.9%)
HS 132 126 (95.5%) 82 (62.1%) 82 (62.1%)
LC 63,377 47,423 (74.8%) 62,730 (99.0%) 47,306 (74.6%)
GITP19 16,567 15,292 (92.3%) 15,724 (94.9%) 14,654 (88.5%)
GITP53 190,742 103,379 (54.2%) 190,592 (99.9%) 103,378 (54.2%)
TOS 110 110 (100.0%) 105 (95.5%) 105 (95.5%)
NF 642,916 642,916 (100.0%) 75,206 (11.7%) 75,206 (11.7%)
PNST 202,004 191,277 (94.7%) 200,868 (99.4%) 190,445 (94.3%)
OSQ 5,591 5,589 (<100.0%) 5,487 (98.1%) 5,486 (98.1%)
MET 1,212 1,144 (94.4%) 371 (30.6%) 371 (30.6%)

Table 3.6: Initial counts of closed frequent item set results for Sleeping Beauty-
generated insertional mutagenesis data sets and counts after initial filtering. Item sets
are filtered by size (must be no larger than ten genes) and by modified support count
(must be no larger than three, except for NF which uses a support count threshold
of twenty). The last column contains the number of item sets that pass both filtering
criteria.

must be productive as well as independently productive in the context of all item sets

that are fully self-sufficient. Because of the requirement to examine every possible subset

of item sets when evaluating their productivity, the scalability of a self-sufficient item

set filtering approach is limited by large item sets. Thus we apply an initial filtering of

closed frequent item sets by removing all item sets that contain more than ten genes.

Table 3.6 shows the number of unfiltered closed frequent item sets, the number of

those item sets meeting the size threshold, the number meeting the modified support

count threshold after correcting for multi-tumor mice, and the total number of item

sets remaining after both of these initial filterings. Again, for the NF data set we use

a support count threshold of twenty instead of three. The largest initial filtering by

percentage is done for the NF and MET data sets, with 11.7% and 30.6% of the item

sets remaining after initial filtering, respectively. For these two data sets this significant

filtering is directly attributable to item set support counts that fall under the threshold

after modifying them for multi-tumor mice. This is not surprising, as NF and MET

are the two data sets with the most tumors per mouse (4.94 and 5.52 respectively).

This demonstrates the importance of accounting for multi-tumor mice due to the large

numbers of spurious patterns that can result otherwise.
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Independently Indep. Prod.
Filtered Productive Productive w/ Corrected

Data Set Item Sets Item Sets Item Sets p-value ≤ 0.05

CRC 3,228 2,674 (82.8%) 2,376 (73.6%) 405 (12.5%)
HS 82 76 (92.7%) 65 (79.3%) 42 (51.2%)
LC 47,306 781 (1.7%) 698 (1.5%) 100 (0.2%)
GITP19 14,654 128 (0.9%) 104 (0.7%) 32 (0.2%)
GITP53 103,378 0 (0.0%) 0 (0.0%) 0 (0.0%)
TOS 105 85 (81.0%) 85 (81.0%) 30 (28.6%)
NF 75,206 58,833 (78.2%) 31,222 (41.5%) 1,651 (2.2%)
PNST 190,445 161,885 (85.0%) 131,631 (69.1%) 72,535 (31.8%)
OSQ 5,486 4,508 (82.1%) 3,775 (68.8%) 940 (17.1%)
MET 371 257 (69.2%) 245 (66.0%) 21 (5.7%)

Table 3.7: Independent productivity filtering and statistical significance filtering for
Sleeping Beauty-generated insertional mutagenesis data sets.

After initial filtering by item set size and modified support threshold, productivity

and independent productivity is calculated for all remaining item sets. Table 3.7 contains

the number of productive item sets, number of independently productive item sets, and

the number of item sets with a Bonferroni-corrected p-value less than 0.05 applied after

filtering via independent productivity. Filtering via productivity is particularity effective

for the LC and GITP53 data sets, and actually removes all item sets from the GITP19

data set. LC and GITP19 have significantly more insertions per tumor than the other

data sets (see Table 3.4), meaning there is more likelihood of having the “real” patterns

hidden among more noise. This may be a factor in why the vast majority of item sets from

these more dense data sets are non-productive. Filtering via independent productivity is

most effective for the NF data set, in which the 58,833 productive item sets are reduced

to 31,222 that are independently productive.

After applying all filters and using Bonferroni correction to account for multiple

hypothesis testing on the remaining independently productive item sets, we are left with

a much more manageable result sets for nearly all data sets. Furthermore, this was

achievable while still keeping the initial support count threshold low (three in all cases

except for NF ), which means that rare CCIs can still be discovered if they also pass

filtering criteria and tests for significance. For the nine data sets that used a support

count threshold of three, the final result set did indeed contain CCIs with modified
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support counts of just three in all cases but for LC, where the minimum modified support

count among the final result set was five. Notably, there are still 72,535 final CCIs from

the PNST data set after all filtering steps and significance testing. PNST is also the

data set that contained the most candidate item sets after initial filtering. Future work

will explore additional filtering possibilities for such cases.

Histiocytic sarcoma results

We next examine more closely the results from two of the ten SB insertional mutagenesis

data sets, the HS and LC data sets. The HS data set was derived from 92 tumors in

36 mice in which SB transposon insertional mutagenesis was targeted to myeloid cells in

order to develop histiocytic sarcoma [50]. Histiocytic sarcoma is a rare form of cancer

that develops in the immune system, and its genetic mechanisms are poorly understood.

The top ten CCIs from our analysis (after applying the self-sufficient item set filtering

approach for handling multiple hypothesis testing and sorting by Bonferroni-corrected

p-values) are shown in Table 3.8. These CCIs all have a modified support count of either

three or four (i.e. after correcting for multi-tumor mice), and range in size from five

to eight genes. There are fifteen unique genes across these ten CCIs. Notably, only

five of these genes (Bach2, Erg, Ncoa2, Raf1, and Serpinf1 ) are considered CISs by the

TAPDANCE algorithm [54]. Thus, our approach of mining for higher order patterns of

co-occurring insertion sites discovers genes that would not be identified when considered

for significance on their own.

The majority of these fifteen genes (Bach2, Dctn4, Dennd2c, Erg, Mitf, Ncoa2, Pcf11,

Raf1, and Serpinf1 ), including at least one in each of the top ten CCIs, have also been

found to be associated with cancer in the the Candidate Cancer Gene Database (CCGD)

[80]. In particular, mutations in Mitf and Raf1 have been shown to be drivers for other

blood-related cancers [81, 82]. The CCIs generated by our approach may correspond

with unknown genetic interactions between known cancer drivers and other genes that

can distinguish histiocytic sarcoma from other cancer types. Further experiments are

needed in order to confirm a causal relationship between any of these CCIs and histiocytic

sarcoma.
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Item Set Modified
Item Set Genes Size Support Count p-value

#1
Dctn4, Dennd2c, Erg,

Ncoa2, Pcf11, Serpinf1
Basp1, Bach2

8 3 <1× 10−15

#2
Dctn4, Dennd2c, Erg,
Ncoa2, Pcf11, Basp1

Bach2
7 3 <1× 10−15

#3
Hspb6, Dctn4, Dennd2c,
Ncoa2, Pcf11, Serpinf1

6 3 <1× 10−15

#4
Dctn4, Dennd2c, Ncoa2,

Pcf11, Serpinf1
5 4 <1× 10−15

#5
Col27a1, Dennd2c, Kif2c,

Mitf, Pcf11, Raf1,
Serpinf1, Basp1

8 3 <1× 10−15

#6
Col27a1, Dennd2c, Grlf1,

Kif2c, Ncoa2, Pcf11,
Serpinf1

7 3 7.938× 10−14

#7
Dctn4, Dennd2c, Grlf1,

Kif2c, Ncoa2, Pcf11
Raf1, Serpinf1

8 3 1.299× 10−13

#8
Dctn4, Denndc2, Grlf1,

Kif2c, Ncoa2, Pcf11,
Raf1

7 3 1.660× 10−13

#9
Dennd2c, Kif2c, Pcf11,

Raf1, Serpinf1
5 4 5.102× 10−12

#10
Dennd2c, Kif2c, Pcf11,
Plcl1, Raf1, Serpinf1

6 3 5.131× 10−12

Table 3.8: Top ten CCIs (by Bonferroni-corrected p-value) for the HS data set.
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Lung cancer results

We also examined the top ten results from the LC data set (see Table 3.9). This data

set was obtained from SB transposon that generated 23 lung cancer tumors in 13 mice

[51]. Mice were Pten-deficient, which increased the likelihood of tumor development in

the lungs. This means that CCIs resulting from this analysis may also interact with Pten

deficiency in potential mechanisms for tumorigenesis.

The results in Table 3.9 are also generated via the self-sufficient item set filtering

approach for handling multiple hypothesis testing. The modified support counts for the

top ten CCIs ranges from four to seven, and the item set sizes range from seven to ten.

There are a total of 27 unique genes across all ten CCIs.

Similar to the HS data set, few of the genes in this result set are significant on an

individual level, and the majority of the genes are known to be associated with cancer.

Only the genes Svil and Tle4 are marked as CISs by TAPDANCE. CCGD lists 16 of

the 27 genes (Acvr2a, Arrdc3, Cntn4, Dnajb9, Grm7, Lpp, Lrba, Lrp1b, Meocom, Pcdh9,

Pixna4, Ptprm, Svil, Tbl1x, Tle4, and Zbtb20 ) as having cancer associations. Svil, which

is part of the gene set for three of the top ten CCIs, is involved in signal regulating for

p53, a well-known tumor suppressor protein.

The results from both the HS and LC data sets are promising in that they contain

gene sets with many genes not significant on an individual level (thus demonstrating the

benefits of mining for higher order patterns) and with many genes associated with can-

cer (thus demonstrating the biological relevance of resulting patterns). Further work is

needed to validate functional cooperation between genes in the same CCI, as well as re-

lationships with tumorigenesis. Validated findings could eventually be used as detection

signals or to develop targeted therapies.

3.6 Discussion and Future Work

In this chapter we have mostly described insertional mutagenesis as a process in which

insertions have a potentially detrimental affect on a gene and its expression. However, it

may be possible to activate a gene or increase its expression via insertional mutagenesis

as well [49]. Patterns produced via our framework should be treated as potentially inter-

esting sets of genes to investigate in general, without assumption as to the mechanism. It
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Item Set Modified
Item Set Gene Size Support Count p-value

#1
4930474G06Rik, Epha3,

Frm7, Lrfn5, Lrrc4c, Meocom,
Tbl1x, Tenm4, Tle4, Zbtb20

10 6 3.174× 10−7

#2
4930474G06Rik, Cntn4,
Grm7, Lrrc4c, Plxna4,
Tbl1x, Tenm4, Zbtb20

8 6 9.187× 10−6

#3
4930474G06Rik, Cntn4,

Cobl, Diap2, Grm7, Pcdh17,
Pcdh9, Svil, Tenm4

9 6 1.037× 10−5

#4
4930474G06Rik, Cobl,
Diap2, Dnajb9, Lphn3,
Pcdh9, Plxna4, Zbtb20

8 7 1.088× 10−5

#5
4930474G06Rik, Grm7,

Lrfn5, Lrp1b, Lrrc4c, Ptprm,
Tbl1x, Tenm4, Tle4

9 6 1.438× 10−5

#6
4930474G06Rik, Grm7,

Lpp, Lrfn5, Lrp1b, Lrrc4c,
Meocom, Ptprm, Tenm4, Tle4

10 5 5.893× 10−5

#7
4930459L07Rik, Acvr2a,

Cntn4, Lrp1b, Lrrc4c,
Nudt12, Svil, Tenm4

8 4 8.765× 10−5

#8
4930474G06Rik, Acvr2a,

Cobl, Grm7, Lrp1b, Lrrc4c,
Pcdh17, Ptprm, Tenm4

9 6 1.058× 10−4

#9
4930459L07Rik, Arrdc3,

Cntn4, Lrba, Lrrc4c,
Svil, Tenm4

7 4 1.107× 10−4

#10
4930474G06Rik, Acvr2a,

Cobl, Grm7, Nudt12, Pcdh17,
Pcdh9, Ptprm, Tenm4

9 6 1.688× 10−4

Table 3.9: Top ten CCIs (by Bonferroni-corrected p-value) for the LC data set.
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may be the case that the knockout of all genes in the set results in tumor formation, but

it could also be that some of the genes are in fact being activated or positively expressed

by their associated insertions. This also raises the possibility of insertions with different

affects mapping to the same item in the transaction matrix (i.e. one insertion location

inactivates the gene while a different insertion location activates it), which could lead to

spurious patterns. Future work will investigate this problem and potential solutions to

it.

Another potential concept to explore is the incorporation of genetic pathway infor-

mation to prune the search space or identify patterns of interacting genetic pathways.

For example, there may be genes X and Y that are critical components of the same

genetic pathway. If either is disrupted, the pathway is unable to function properly. The

function of this pathway may interact with other genes or pathways (A and B, for in-

stance) in such a way that the disruption of all of them results in tumor formation. In

such a case, patterns {A,B,X} and {A,B, Y } would both result in tumor formation via

the same mechanism. Incorporating this genetic pathway information would allow for

identification of this type of situation, resulting in potentially novel significant patterns

that may not have been significance when evaluated separately. Furthermore, using ge-

netic pathway information to cluster insertion locations by affected pathways rather than

affected genes or genomic regions may be an effective approach to pruning the search

space and discovering more robust patterns.

Future work will also investigate the effects of mining for different types of item

sets, such as hyperclique patterns. Hyperclique patterns add an additional constraint

onto item sets, requiring that each has a higher support count than all possible subsets

[83, 84]. The purpose of hypercliques is to filter out item sets that are primarily driven

by one frequently-occurring item and instead focus on sets of items that are all strongly

associated with each other. It’s possible that this would be redundant with our approach

of filtering by the self-sufficient item set criteria. Nonetheless, hypercliques may present

another method to further reduce spurious item set results generated from high density

insertional mutagenesis data.

We also intend to incorporate and adapt additional ideas from existing approaches

into our pipeline. For example, working with the raw next-generation sequencing data

directly (as is done with the TAPDANCE software [54]), rather than already-processed
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insertional mutagenesis data, would allow for greater flexibility and introduce opportuni-

ties to incorporate signal strength of insertion locations (i.e. how much confidence there

is in the presence of individual insertions). We also plan to incorporate information

about insertional bias into our statistical model, such as chromosomal preferences for

insertion locations and TA dinucleotide locations for SB-generated data sets, as is done

by Monte Carlo-based techniques [47, 48].

Finally, a key part of future work will be in investigating the significance and broader

impact of candidate CCIs from biological, genetics, and medical perspectives. CCIs

generated by our approach must be validated in vitro or in vivo in mice to verify a causal

(rather than associative) relationship with tumorigenesis, as well as to better understand

the functional impact of sets of co-occurring mutations. Functionally-validated CCI-

tumor relationships can be further investigated for potential opportunities in cancer

therapies and/or cancer detection tests in humans.
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Chapter 4

Assembling Personal Genomic

Sequences

4.1 Introduction

Advancing our understanding of the genetics of cancer relies not just on discovering

the genetic mutations driving tumorigenesis, but also on studying how these mutations

affect gene regulation or gene expression. These types of analyses depend upon exam-

ining features found throughout the whole genome, including non-coding regions and

other genomic sequences previously thought to be inconsequential (i.e. what was once

referred to as “junk DNA”). Gene regulation and gene expression can be measured and

analyzed using next-generation sequencing technologies known as ChIP-seq and RNA-

seq, respectively. ChIP-seq selectively sequences DNA that is involved in certain protein

interactions, with the goal of locating transcription factors or regions of gene regulation.

RNA-seq uses next-generation sequencing to reveal a snapshot of the RNA molecules

present in a cell, which can be used as a measurement of a gene’s expression level. Stan-

dard analysis pipelines for both of these technologies include aligning reads to a reference

genome.

Usually, the standard human reference genome can be used as the reference genome

during RNA-seq and ChIP-seq analyses. When studying tumor cells however, the un-

derlying genomes are often so mutated or rearranged that the standard reference is not

a close enough approximation. This process is greatly improved if that reference genome
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is an accurate reflection of the actual genome being sampled. For instance, ChIP-seq

analysis was recently shown to be more effective if aligned using a personal genome as

opposed to a reference genome [8]. The 1000 Genomes Project also recently found that

using personalized reference genomes resulted in marked differences in measured exon

expression levels from RNA-seq analysis, many of which were due to accounting for per-

sonal structural variants in particular [85]. Thus, there exists a need for algorithms that

assemble tumor genomes using normal DNA sequencing reads, which can then be used

as a “personalized” reference for downstream analyses such as ChIP-seq and RNA-seq.

One way to approach the assembly problem is to do alignment-based assembly, in

which reads are aligned to an existing reference genome using a short-read aligner such

as BWA [11], Bowtie [15], or GSNAP [16]. Small mutations are then determined by

consensus amongst the aligned reads and used to generate the new personalized reference

genome. Although this is usually efficient, assembly of highly-mutated genomes (such as

those found in tumors) must also account for the presence of structural variants, which

are too complex to be accounted for by an alignment-based assembly. Another approach

is to use de novo assembly to create personalized reference genomes, which involves

using just the raw read data and their overlap patterns to “reassemble” the underlying

genomic sequence. This is somewhat akin to how the original human reference genome

from the Human Genome Project was assembled. This class of assembly algorithms is

more effective for assembling highly-mutated sequences, but is also extremely inefficient

and requires deep sequencing in order to achieve acceptable accuracy.

In recent years, the significant genetic impact of structural variation (i.e. deletions,

insertions, duplications, inversions, or translocations of large segments of DNA) has

become more understood. These structural variants (SVs) often account for a large

portion of the genetic landscape of mutations present in tumors, especially due to the

genomic instability that is one of the principle characteristics of cancer [37, 38]. One

recent study found that as many as 61% of all actionable mutations from a sample of

2,221 cancer patients were SVs [86]. SVs have also been shown to contribute heavily to

the genetic variation between normal individuals [87, 29]. Thus, strategies for assembling

personal genomic sequences should be able to account for a wide and diverse range of

SVs.

Alignment-based assembly approaches do not account for SVs, and de novo assembly
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can often be computationally inefficient, as well as inadequate for assembling repetitive

regions in the genome. A variety of techniques have also been developed in recent years

that combine aspects of both approaches [88, 89, 90, 91, 92]. Although these hybrid

de novo / alignment-based assembly programs can overcome some of the pitfalls of

using either approach on their own, there remain additional challenges. In particular,

computational efficiency is still unideal due to unnecessary operations in assembling

concordant regions, and certain SV types are still difficult to assemble, such as tandem

duplications.

In many cases, personal genome assembly is also complicated by sample heterogeneity,

such as tumor samples with subpopulations of somatically-acquired variants that are

present in only a subset of the sequencing data. Genomic instability and rapid division

of cancer cells can lead to a high degree of cellular heterogeneity within tumor tissue.

Sequencing data from tumor samples will usually contain mixtures of DNA from diverse

tumor cell populations, as well as from normal somatic cells, each with their own set of

variants. The assembly programs currently used to create personal genomic sequences

often assume sample homogeneity and are plagued by an inability to handle non-universal

variants (see Figure 2.1 for an example illustration), but these tools must account for

this type of data if they are to be useful for studying cancer genomics.

In order to address these existing challenges in personal genome assembly for tumor

genomes, we have developed SHEAR (Sample Heterogeneity Estimation and Assembly

by Reference), an open-source and easy-to-use software package that predicts variants

(including SVs, SNPs, and small INDELs) and assembles personal genomic sequences

using those predictions [93]. SHEAR creates personal genomic sequences by predicting

variants, including SVs, and generating the new genomes based on the existing reference

after correcting for those variants directly. A key component of this framework is a lo-

cal realignment strategy for correcting errant alignment near probable SV breakpoints.

SHEAR also detects variants in small subpopulations of a sequencing sample and esti-

mates the heterogeneity level for those variants (i.e. the frequency of the variant in the

sample), thus making it ideal for applications to tumor samples.

In this chapter we will describe the SHEAR framework in general, including the

pipelines for variant detection and personal genome assembly. The variant frequency

estimation framework, an additional component of SHEAR, will be presented later in
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Chapter 5. The rest of this chapter will be organized as follows. In Section 4.2, we

present an overview of related work in the area of personal genome assembly. Section 4.3

describes the SHEAR framework and our proposed approach for personal genome as-

sembly. Experimental results that demonstrate the efficacy of SHEAR compared with a

leading approach will be presented in Section 4.4. Finally, we conclude with a discussion

of issues and ideas for future work in Section 4.5.

4.2 Related Work

If there is a closely-related reference genome available, alignment-based assembly is a sim-

plistic way to perform assembly of personal genomes. The sequenced reads are aligned

to the reference genome using a short-read aligner, and SNPs and small INDELs are

determined by consensus amongst the aligned reads. A common framework for SNP/IN-

DEL calling is the GATK Best Practices framework developed by DePristo et al. [94].

One important step in this process is the local realignment of reads containing INDELs

to improve the signal and accuracy for INDEL predictions. See also Nielsen et al. [95]

for a further review of SNP/INDEL calling. Although this is usually efficient and highly

accurate, complete personal genomic sequences must also account for the presence of

SVs, which is not possible using alignment-based assembly.

The opposite extreme of approaches is to join together all the sequenced reads, like

pieces of a puzzle, by determining how they overlap with one another. This class of

assembly algorithms, known as de novo assembly, does not require a reference sequence

and is useful for assembling regions that are significantly different from the available

reference genome, such as novel insertions. However, de novo assembly may struggle to

properly assemble repetitive regions and can be extremely inefficient at the high coverage

levels often required for assembling whole genomes. Examples of global de novo assembly

algorithms include Velvet [96], SOAPdenovo [97], and ALLPATHS-LG [98].

Algorithms have recently been developed that combine aspects of both alignment-

based assembly and de novo assembly. Seq-Cons [88] and LOCAS [89] use localized

versions of de novo assembly in order to assemble reads in separate blocks determined

by the area of the reference that they are first aligned to, rather than trying to determine

possible overlaps between all of the reads globally, without a preliminary alignment. A
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similar approach was also shown to be successful in assembling several variant strains of

Arabidopsis thaliana from a related reference genome [90]. RACA [91] uses a reference

genome to arrange the scaffolds that are first produced through de novo assembly, but

also requires multiple outgroup genomes (i.e. from other closely related species) as input.

In contrast to the above methods, which can be thought of as either “global de novo

assembly followed by alignment” or “alignment followed by local de novo assembly”,

IMR/DENOM is a reference-guided assembly approach that combines alignment-based

assembly and de novo assembly in parallel and merges the results [92]. The alignment-

based half of the algorithm, IMR, is an iterative procedure that creates an alignment to

the original reference sequence using Stampy [99], generates a new reference sequence

from consensus variants in the alignment, realigns the paired-end reads to the new refer-

ence sequence, and repeats this procedure until convergence. DENOM takes contigs that

are assembled de novo using SOAPdenovo [97] and aligns them to the reference in order

to handle larger SVs, such as novel insertions not present in the reference sequence. The

results of these two approaches are then merged to generate a personal genomic sequence.

All of these assembly programs assume sample homogeneity, resulting in unexpected

behavior when sequencing samples contain variants only present in subpopulations of

the cells, and thus are difficult to apply to heterogeneous sequencing samples from tu-

mor DNA. Certain types of SVs, such as tandem duplications, also remain a challenge.

Additionally, these approaches are often inefficient in the context of personal genome

assembly due to the large amount of redundant operations performed, such as the mul-

tiple alignments of every read in IMR, or the assembly of every read in reference-guided

assemblers such as Seq-Cons or LOCAS. A more efficient approach for generating per-

sonal genomic sequences might be to leverage the specialized ability of pre-existing SV

detection programs to locate individual SVs and address them directly, rather than hop-

ing to discover their signature through de novo assembly (which is made more difficult

in the presence of heterogeneous sequencing samples). A variety of SV detection algo-

rithms have been developed over the last few years which can serve for this purpose

[20, 21, 22, 23, 24, 25, 26, 27, 28, 30, 31, 32, 33, 34, 35, 36]. For further reviews of SV

detection algorithms, see Medvedev et al. [17], Alkan et al. [18], and Pirooznia et al. [19].
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4.3 Proposed Approach

4.3.1 SHEAR pipeline overview

In this chapter, we propose a new software package called SHEAR (Sample Heterogeneity

Estimation and Assembly by Reference) which predicts variants, accounts for heteroge-

neous variants by estimating their frequencies in the sequencing sample, and generates

personal genomic sequences to be used for downstream analysis [93]. Our novel contribu-

tions come in the form of two key concepts that integrate and expand several pre-existing

programs. The first is a pipeline for correcting soft-clipping errors in the alignment that

occur at the breakpoints of candidate SVs. Although these alignment errors are often

minor, correcting for them improves the reliability of SVs predictions, as well as the

accuracy of our SV frequency estimations. The second component is a novel scheme for

estimating the variant frequencies for SV predictions. This is done by comparing the

soft-clipped reads to the spanning reads at SV breakpoints. An illustration of SHEAR’s

overall workflow can be see in Figure 4.1.

SHEAR has two “modes”, or operations, that it is used for: SHEAR-SV and SHEAR-

Assemble. Variants can be predicted and their respective frequencies estimated using

the SHEAR-SV component. SHEAR-Assemble takes a set of variant predictions, along

with an existing reference genome, and outputs a new personal reference genome using

that information. Both components rely upon a pipeline involving an iterative local

realignment process to obtain accurate soft-clipping at SV breakpoints, and thus result

in more accurate assembly as well as more accurate variant frequency estimations.

Unlike de novo assemblers or the iterative alignment-based assembly done by IMR,

SHEAR works by doing a one-time global alignment which is used to predict variants (in-

cluding SVs), followed by generating a personal genomic sequence based on the existing

reference after correcting for those variants. This can be thought of as an alignment-based

assembly approach, except with the additional component of leveraging SV predictions

in addition to just SNPs and INDELs. After reads are aligned to the reference genome,

SV types and locations are estimated using an SV prediction algorithm. Since the orig-

inal alignment is not aware of any present SVs, alignment near SV breakpoints can be

imprecise (see Figure 4.3). Once SVs are predicted, the reads neighboring candidate SV

breakpoints are realigned using a local alignment algorithm. New or refined SVs can
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Original Alignment (1) Detect Variants

Relevant Reads

Refined Alignment

Variant Calls

Final Variant Calls

New Assembly
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(2) Extract Unmapped & 
SV Breakpoint Reads

(6) Build Genome(s)

(5) Estimate Heterogeneity 
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Repeat 2-4
as needed

Figure 4.1: SHEAR workflow diagram. (1) SHEAR’s workflow begins by using an
SV prediction algorithm to predict the locations of SVs from the original SAM/BAM
alignment file. (2) Reads neighboring the breakpoints of the predicted SVs, as well as all
unmapped reads, are then extracted from the original alignment. (3) These extracted
reads are then realigned using a local alignment algorithm to improve the soft-clipping
accuracy near the breakpoints. Breakpoint extracted reads are aligned in their original
neighborhoods, and unmapped extracted reads are aligned against the whole reference
sequence. (4) SVs are again predicted from the new alignment, which contains only the
realigned reads near the original candidate breakpoints, as well as reads that were ini-
tially unmapped but have been realigned using the local alignment algorithm. The new
SV predictions will potentially include new SVs and refined breakpoints of previously
predicted SVs. Steps 2–4 may be repeated as necessary to pick up new SV events, and
will usually only need to be repeated 2–3 times before SV predictions remain constant.
(5) Using the refined SV breakpoints, the variant frequency (or heterogeneity percent-
age) of each SV is estimated by comparing the soft-clipped and spanning reads at the
breakpoints. This calculation varies depending on the SV type (see Section 5.3). (6)
Finally, a new personal genomic sequence is created by using the predicted variants to
directly modify the original reference sequence.
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be predicted following realignment, and this can continue in an iterative process until

convergence. Finally, the resulting SVs with their high-precision breakpoints, along with

the small SNPs and INDELs determined via traditional alignment-based assembly, are

used to directly modify the original reference genome to create a new personal genome.

Thus, SHEAR-Assemble is able to accurately assemble complex SV regions while also

maintaining efficiency by focusing time-consuming operations only on divergent regions

(i.e. SV breakpoints) instead of concordant regions.

SHEAR is written in the Java programming language and is implemented using the

Genome Analysis Toolkit (GATK) framework [100] to provide efficient data access and

for ease of parallelization. Additional tools are used from SAMtools [101] and Picard

[102].

4.3.2 SV prediction

SVs are predicted from the alignment using an SV prediction algorithm, such as CREST

[26] or DELLY [33]. Any algorithm can be used for this purpose, with the only require-

ments being that it predicts breakpoints at base pair resolution so that it can be used for

accurate and precise assembly, and that it predicts variants in a heterogeneous sequenc-

ing sample. Additionally, SV prediction algorithms that use the split-read approach

for their prediction methodology are ideal because prediction accuracy can benefit from

SHEAR’s iterative local realignment procedure at SV breakpoints.

SHEAR’s framework is designed so that new SV prediction programs can be easily

incorporated. Thus, as as the state of the art for SV prediction improves, so too will

SHEAR’s assembly performance. We designed an abstract Java class, VariantCaller,

in the SHEAR source code that can be used to incorporate SV prediction algorithms.

SV prediction algorithms can be added by creating new Java classes that extends the

VariantCaller abstract class, specifically by implementing the following two method

interfaces:

public abstract St r ing

runVar iantCa l l e r ( S t r ing bamFile , S t r ing outputPre f ix ,

L i s t<Str ing> opt ions ) ;

public abstract TreeSet<Variant>

getVar iant s ( S t r ing var i antCa l l e rOutputF i l e ) ;
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The runVariantCaller method calls the SV prediction program itself. The input

is a string containing the path to the input BAM alignment file, a string containing the

prefix to use for output files, and a list of strings that can provide an arbitrary number of

additional arguments to pass to the external program. Additional information, such as

the location of the reference genome being used, is available within the VariantCaller

class. The return value is a string containing the path to the SV prediction output file

(often a VCF file, or else some other program-specific format)

The getVariants method takes as input the path to the file containing SV predictions

(i.e. return value of runVariantCaller) and returns a list of Variant objects. This

method contains the parsing logic used to convert the specific type of SV prediction

output file to a list of Variant objects.

In the latest version of SHEAR (i.e. v1.1.2), we have implemented the CREST

[26] and DELLY [33] SV prediction algorithms for available use. CREST uses a split-

read methodology for SV prediction, whereas DELLY uses both split-read and read-pair

information. CREST was selected for this purpose in the original versions of SHEAR

because it handles many different SV types (with good support for tandem duplications in

particular), and is designed for somatically-acquired variants as well as germline variants.

Native support for DELLY was added to the SHEAR distribution in more recent versions

(i.e. v1.0.0+) due to its improved computational efficiency in comparison with CREST,

which can be essential when analyzing whole-genome or deep sequencing samples.

4.3.3 Breakpoint microhomology

SHEAR-Assemble also contains logic to account for microhomology at SV breakpoints.

Breakpoint microhomology is when an SV has sequences of identical bases at the two

breakpoints of the junction. This can be common in SVs, specially when the mecha-

nism of mutation is microhomology-mediated break-induced repair or form stalling and

template switching [103].

An example of breakpoint microhomology for a deletion can be seen in Figure 4.2.

In this example, there is a deletion on the variant genome of bases 3001–6000 from the

reference genome. However, there is a 5 bp microhomology at the deletion breakpoints,

highlighted in yellow, where the bases GAATT are present at both bases 3001–3005

and bases 6001-6005. The fusion sequence demonstrates that the size of the deletion is
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Figure 4.2: Example of breakpoint microhomology is a deletion. The variant genome
(below) has a 3000 bp deletion relative to the reference genome (above). Breakpoint
microhomology is highlighted in yellow. Genomic coordinates are displayed underneath
bases around the breakpoint.

3000 bp, but the breakpoint microhomology makes it ambiguous as to how to report the

coordinates of the deletion. For example, it is equivalent to say either that there is a

deletion of bases 3001-6000 or that there is a deletion of bases 3006-6005 (or any other

coordinate ranges in between).

In our pipeline, we convert each variant call into a “canonical” representation which

uses the 5’-most coordinate for the first breakpoint. This makes our results consistent

and also ensures that duplicate results are not reported in the final result set. For

example, there is no guarantee as to which breakpoint coordinates DELLY will report in

a situation such as that depicted in Figure 4.2. By always converting SV calls to their

canonical representation, we ensure that the same SV is not predicted a second time

with different coordinates in a later iteration of local realignment and SV prediction.

When using CREST for SV prediction, additional steps must be taken to account for

breakpoint microhomology. CREST does not consider breakpoint microhomology when

reporting SV predictions, and the deletion in Figure 4.2 would actually be reported as a

deletion of bases 3006–6000, which is incorrect as it excludes both ends of homologous

bases. When processing CREST results, we first detect the amount of breakpoint mi-

crohomology and then update breakpoint coordinates accordingly. This microhomology

detection is done by checking the number of bases on either side of the breakpoint that

the consensus sequence aligns with and comparing it against the length of the consensus

sequence itself. Note that the consensus sequence is reported by CREST’s output format

as part of an SV result entry. If the length of the consensus sequence is shorter than the

sum of the aligned bases on either side of the breakpoint, then that means that part of
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the consensus sequence is aligned twice. These are the homologous bases.

4.3.4 Refining soft-clipping at candidate SV breakpoints

After SV prediction and breakpoint microhomology detection, we are left with an initial

alignment on the whole sequence (referred to here as the original alignment) as well

as a set of predicted SVs, each of which is characterized by one or two breakpoint

locations in the genome. Both the SV prediction accuracy and our estimation of variant

frequencies depend on having an accurate alignment in which reads supporting the SV

breakpoint are properly soft-clipped at those breakpoints. Unfortunately, this is not

always the case after the initial global alignment. If a sufficient global alignment is

not found for an aligned read’s pair, BWA will perform local alignment in the genomic

region near where the read’s pair is predicted to occur. This local alignment algorithm

will soft-clip any ends that do not align. However, many reads that should be soft-

clipped are missed for two reasons. First, reads that are almost fully aligned to the

reference sequence (i.e. only a few bases extend past the breakpoint) can be aligned with

mismatches in the global alignment portion of the BWA algorithm. In this situation,

local alignment is not attempted because the global alignment is sufficient, and thus

there is no soft-clipping done. An example of this can be seen in the bottom two aligned

reads in Figure 4.3. Second, reads that should be soft-clipped at a breakpoint might

remain unmapped completely. This occurs when BWA determines that neither the

global alignment nor the local alignment are of sufficient quality. In both cases, the

soft-clipped local alignment represents the “true” alignment, but the aligner has no way

of knowing the location of the SV breakpoint, and thus will instead force a mismatched

global alignment or leave the read unmapped.

These issues could potentially be addressed by modifying BWA’s parameters to be

more stringent for accepting global alignments and less stringent for soft-clipped local

alignments. However, this can introduce additional issues when aligning other concordant

reads. Assuming we have at least some reads from variant breakpoints that are aligned

with the correct soft-clipping, we can use the predicted SVs to hone in on the exact areas

that are likely to experience the above problems and correct them.

To address these problems, we remap these reads using a local algorithm, such as

BWA-SW [12] or BWA-MEM [13]. These algorithms are less efficient than the global
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 ...AACTAACCCCAAAGTCTACAATGTAAC...  
         ACCCCAAAGTCACTTGGGGT
           CCCAAAGTCACTTGGGGTTG
      CTAACCCCAAAGTC-ACTTGG
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Reference

Aligned
Reads

Figure 4.3: Soft-clipped reads vs. improperly aligned reads at a structural variant
breakpoint. The reference sequence is indicated in blue. Green bases are alignment
matches, pink bases are mismatches, yellow bases are skips, and gray bases are soft-
clipped. All four reads are sampled from the variant sequence and span the breakpoint,
but only the top two are properly soft-clipped. The bottom two reads are aligned with
mismatches and skips because the portion that should be soft-clipped is only a few bases
long and the global alignment is used instead. Inaccurate soft-clipping can lead to false
negatives for split-read based SV prediction algorithms and also lowers the accuracy of
SHEAR’s SV variant frequency estimation algorithms.

alignment of the regular BWA algorithm and can only align reads individually, not in

pairs, but it does allow for soft-clipping rather than requiring the entire read to be

aligned. We account for this inefficiency by remapping only reads that might be affected

by the two issues discussed above. Specifically, all unmapped reads, as well as reads

that align either spanning or soft-clipped at one of these breakpoints, are extracted from

the original alignment. This collection of reads are then locally realigned using default

parameters to produce a new alignment. Leaving the concordantly aligned reads alone

improves the efficiency of our approach in comparison with de novo assemblers or the

iterative alignment of IMR. Aligning these reads individually removes the pairing restric-

tions that may lead to unmapped reads when using default BWA alignment, as discussed

above. Local realignment around candidate small INDELs is a common processing step

for INDEL prediction [94]. Our approach is effectively doing something analogous for

SVs by locally realigning reads at SV breakpoints.

The corrected version of the alignment is then passed back to the SV prediction

algorithm to make revised predictions. New SV predictions can be picked up if there

were not a significant number of supporting soft-clipped reads in the original alignment.

At this point, the unmapped and breakpoint reads can be extracted again from the

original alignment to correct the soft-clipping at these new SV locations, using the same
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procedure. In practice, we observe that this rarely needs to be repeated more than

three times before SV predictions remain unchanged. Finally, before estimating variant

frequencies for each SV, SHEAR will remove some variants that are slight derivations

from other predicted SVs (i.e. only differing by a few base pairs on one breakpoint). If

the differing breakpoint has only a few supporting soft-clipped reads in comparison with

a “main” predicted breakpoint with many more, it is usually due to sequencing error

and thus can be discarded as a false positive.

Similar to the SV prediction module of the SHEAR pipeline, we created an abstract

Java class (Aligner) that can be extended to easily incorporate new local alignment

algorithms into the framework. A new Aligner subclass must implement the following

method:

public abstract void a l i g n ( S t r ing fas tq InputFi l ePath ,

S t r ing samOutputFilePath ,

L i s t<Str ing> opt ions )

throws FileNotFoundException , IOException ;

The input parameters for the align method include a string containing the file path

to the FASTQ file containing all reads that should be realigned, a string containing

the desired file path for the SAM output file, and a list of strings that can provide

an arbitrary amount of additional arguments to pass to the external local alignment

program. Additional information, such as the location of the reference genome being

used, is available within the Aligner class.

In the latest version of SHEAR (i.e. v1.1.2), we have implemented the BWA-SW

[12] and BWA-MEM [13] local alignment algorithms for available use. Newer alignment

algorithms that support soft-clipping, such as GSNAP [16], may offer stronger capabili-

ties for local alignment at SV breakpoints and will be incorporated in future versions of

SHEAR.

4.4 Experimental Results

We compare our results with IMR/DENOM [92] on a variety of simulated data sets and

one real data set to demonstrate the advantages of our approach, namely, improved com-

putational efficiency, better support for tandem duplications, and the ability to handle
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personal genome assembly in the presence of heterogeneous sequencing samples. IM-

R/DENOM alone was chosen for comparison because it was the mos similar approach

available. Other reference-guided assembly methods produce contigs or are generally de-

signed for creating new reference sequences rather than “personalizing” existing reference

sequences, which is the purpose of SHEAR.

4.4.1 Simulated data

A reference sequence to be used for simulation was taken from a 70 kbp region of chro-

mosome 15 (25,420,001–25,490,000) chosen because of its non-repetitiveness. The length

of this sequence is intended to be on the scale of the size of a long gene. Twenty different

variant sequences are then created by introducing ten different sets of deletions and ten

different sets of tandem duplications at known locations. These represent two SV types

easily handled by CREST, which was used as the underlying SV prediction algorithm

in this case. Each set of SVs contained three non-overlapping SVs of sizes 150 bp, 1000

bp, and 30 kbp.

Sequencing simulation was then performed on each of the variant sequences by ran-

domly sampling paired-end reads, with read lengths of 75 bp and fragment sizes sampled

from a truncated normal distribution with a mean of 250 bp, standard deviation of 20

bp, inclusive lower bound of 175 bp, and inclusive upper bound of 325 bp. For each

sequencing simulation, a portion of the paired-end reads were sampled from the original

sequence as well as from the variant sequence. This heterogeneity level was varied (20%,

40%, 60%, 80%, 90%, and 100% from the variant sequence), as was the overall average

coverage (10×, 20×, 30×, 50×, 100×, 500×, and 1000×). There were no synthetic se-

quencing errors and base quality was reported as perfect (i.e. Phred quality scores of

40). This was to eliminate the effects of sequencing errors in order to evaluate the two

methods solely on their algorithmic approach. These simulated data sets were intended

to be easy to handle, in order to control for issues with fragment size distributions, se-

quencing errors, SNPs, small INDELs, and cross-chromosomal events. Instead, we focus

specifically on the issue of how to account for heterogeneous SVs. Using a 20× overall

coverage and varying the portion of simulated reads that originated from the variant

sequence, our method demonstrates a strong ability to handle heterogeneous SVs (see
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Deletions Tandem Duplications

Variant Frequency SHEAR IMR/DENOM SHEAR IMN/DENOM

20% 6 / 30 0 / 30 3 / 30 0 / 30
40% 20 / 30 0 / 30 14 / 30 0 / 30
60% 26 / 30 0 / 30 24 / 30 0 / 30
80% 29 / 30 1 / 30 26 / 30 0 / 30
90% 29 / 30 1 / 30 24 / 30 0 / 30
100% 28 / 30 27 / 30 26 / 30 0 / 30

Table 4.1: Correctly detected SVs for simulated data at 20× coverage under varying
levels of heterogeneity All simulations are done on a 70,000 bp portion of chromosome 15
after introducing deletions and tandem duplications of sizes 150 bp, 1000 bp, and 30,000
bp, each over 10 different iterations, for a total of 30 different deletion events, and 30
different tandem duplication events.

Table 4.1) IMR/DENOM is only able to reliably detect deletions in relatively homoge-

neous sequencing samples. Even at high overall coverage (i.e. 1000×), IMR/DENOM

is still unable to pick out heterogeneous variants, suggesting that this is not due to a

lack of supporting reads (see Table 4.2). Tandem duplications are never identified using

IMR/DENOM with our simulated data.

Table 4.4 demonstrates our method’s ability to scale down to lower coverage levels

even in the heterogeneous case where only 20% of the reads are sampled from the variant

sequence. IMR/DENOM fails to detect any of the SVs present in the sample, while our

method scales down well to 50× overall coverage and even picks up a few events from the

30× and 20× coverage data sets. The depth of coverage required to detect SVs depends

on the variant frequency of each SV. For example, as seen in Table 4.3, 20× coverage is

too low to reliably pick up variants that only comprise 20% of the sequencing sample.

However, the same coverage level was enough to detect most of the variants (50/60)

simulated at 60% heterogeneity level (see Table 4.4).

Additionally, SHEAR’s post-processing of SV predictions via local realignment to

correct soft-clipping errors improves the SV predictions in comparison to using CREST

alone. Of the 2520 SVs in the simulated data set (i.e. twenty different variant sequences

× three SVs per variant sequence × seven different coverage settings × six different

heterogeneity percentage settings), 2072 were predicted by both CREST and SHEAR,

but SHEAR improved the accuracy of breakpoint prediction for 502 (24.22%) of these,
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Deletions Tandem Duplications

Variant Frequency SHEAR IMR/DENOM SHEAR IMN/DENOM

20% 29 / 30 0 / 30 28 / 30 0 / 30
40% 29 / 30 0 / 30 28 / 30 0 / 30
60% 29 / 30 0 / 30 28 / 30 0 / 30
80% 29 / 30 0 / 30 28 / 30 0 / 30
90% 29 / 30 0 / 30 28 / 30 0 / 30
100% 29 / 30 17 / 30 28 / 30 0 / 30

Table 4.2: Correctly detected SVs for simulated data at 1000× coverage under varying
levels of heterogeneity All simulations are done on a 70,000 bp portion of chromosome 15
after introducing deletions and tandem duplications of sizes 150 bp, 1000 bp, and 30,000
bp, each over 10 different iterations, for a total of 30 different deletion events, and 30
different tandem duplication events.

Deletions Tandem Duplications

Variant Frequency SHEAR IMR/DENOM SHEAR IMN/DENOM

10× 1 / 30 0 / 30 0 / 30 0 / 30
20× 6 / 30 0 / 30 3 / 30 0 / 30
30× 13 / 30 0 / 30 13 / 30 0 / 30
50× 21 / 30 0 / 30 21 / 30 0 / 30
100× 29 / 30 0 / 30 28 / 30 0 / 30
500× 29 / 30 0 / 30 28 / 30 0 / 30
1000× 29 / 30 0 / 30 28 / 30 0 / 30

Table 4.3: Correctly detected SVs for simulated data at 20% heterogeneity under
varying levels of coverage All simulations are done on a 70,000 bp portion of chromosome
15 after introducing deletions and tandem duplications of sizes 150 bp, 1000 bp, and
30,000 bp, each over 10 different iterations, for a total of 30 different deletion events,
and 30 different tandem duplication events.
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Deletions Tandem Duplications

Variant Frequency SHEAR IMR/DENOM SHEAR IMN/DENOM

10× 7 / 30 0 / 30 7 / 30 0 / 30
20× 26 / 30 0 / 30 24 / 30 0 / 30
30× 29 / 30 0 / 30 26 / 30 0 / 30
50× 29 / 30 0 / 30 27 / 30 0 / 30
100× 29 / 30 0 / 30 28 / 30 0 / 30
500× 29 / 30 0 / 30 28 / 30 0 / 30
1000× 29 / 30 0 / 30 28 / 30 0 / 30

Table 4.4: Correctly detected SVs for simulated data at 60% heterogeneity under
varying levels of coverage All simulations are done on a 70,000 bp portion of chromosome
15 after introducing deletions and tandem duplications of sizes 150 bp, 1000 bp, and
30,000 bp, each over 10 different iterations, for a total of 30 different deletion events,
and 30 different tandem duplication events.

whereas CREST only improved the breakpoint accuracy for three SVs (see Table 4.5).

Additionally, SHEAR’s local realignment component tends to increase the number of

supporting soft-clipped reads for each predicted SV, with a 7.26% relative increase of

supporting reads for each SV prediction.

SHEAR and IMR/DENOM were also evaluated on a deeply-sequenced (i.e. 6000×)

tumor cell line for the AR gene locus, which will be discussed further in Section 5.4.2.

Six heterogeneous deletions were detected in this data set by SHEAR, with four be-

ing experimentally validated, while none were assembled by IMR/DENOM due to the

heterogeneity of the sequencing sample. This data set also demonstrates how the as-

sembly component of SHEAR scales well for deeply-sequenced data in comparison with

IMR/DENOM. The entire SHEAR pipeline (including initial alignment using BWA,

SHEAR-SV, and SHEAR-Assemble) completed execution in just under 16 hours using a

cluster of eight 2.66 GHz processors. The two components of IMR/DENOM could be run

in parallel, with IMR, the more computationally expensive component due to the itera-

tive alignments, taking more than three days on 24 2.66 GHz processors. These results

indicate that SHEAR offers an efficiency advantage over IMR even though both operate

iteratively, because SHEAR excludes concordantly aligned reads from future iterations.

For example, the first execution of CREST in the SHEAR pipeline took seven hours,

whereas the two subsequent executions of CREST took less than an hour combined.
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SVs predicted by CREST: 2073 / 2520
SVs predicted by SHEAR: 2073 / 2520
SVs predicted by both: 2072 / 2520

More accurate breakpoints with CREST: 3 / 2072
More accurate breakpoints with SHEAR: 502 / 2072
Same breakpoints: 1567 / 2072

Table 4.5: Summary of performance for SHEAR versus standalone CREST on sim-
ulated data sets. All simulations are done on a 70,000 bp portion of chromosome 15
after introducing deletions and tandem duplications of sizes 150 bp, 1000 bp, and 30,000
bp, each over 10 different iterations, for a total of 30 different deletion events, and 30
different tandem duplication events. Sequencing data was simulated for each of these
synthetic sequences, with heterogeneity percentage varying over six settings (i.e. 20%,
40%, 60%, 80%, 90%, and 100% of reads from the variant sequence) and overall average
coverage varying over seven settings (10×, 20×, 30×, 50×, 100×, 500×, 1000×) for a
total of 2520 SVs present in the simulated data sets.

4.5 Discussion and Future Work

Although we have shown SHEAR-Assemble to be a more appropriate assembly pipeline

in the context of tumor sequencing data due to its computational efficiency and ability

to account for heterogeneous variants, its practicality is still somewhat limited. Cur-

rently, SHEAR-Assemble requires a manual step of selecting desired variants to include

in the assembly, which makes it difficult to apply when trying to assemble multiple

genomes from a heterogeneous sequencing sample. Grouping variants together into their

respective cellular subpopulations will allow for automatic assembly of multiple personal

genomes. This is a nontrivial task and often requires deep sequencing in order to obtain

reasonably accurate phasing information (i.e. information that can be used to group

together co-occurring variants). Specific ideas for future work that address this need will

be discussed later in Section 5.5.

The methods and results discussed in this chapter were limited to small, intra-

chromosomal SV types for proof of concept in leveraging SV predictions to generate

personal genomic sequence. Future versions of SHEAR will allow for assembly of more

complex SV types. For example, SVs fusions often contain additional or altered bases

at the breakpoint fusion, called microinsertions and microinversions, which are not ad-

dressed by the current SHEAR framework. Microinsertions or microinversions at the
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fused junction of a deletion have been found to be the most common type of complex

SV [104, 105]. More complex SVs may include overlapping patterns (e.g. a large inver-

sion within a duplication) or even more extreme rearrangements of entire chromosomes

(i.e. chromoplexy or chromothripsis). These complex SVs create additional challenges in

phasing variants to assemble multiple genome outputs, as well as in dealing with resolv-

ing conflicts in the assembly process itself. One possible solution to explore would be to

use graph theory algorithms to determine the best way to represent such chromosomes

in the assembly (i.e. associating co-occurring breakpoints via graph edges).

An important advancement in assembly over the last several years has been the de-

velopment of single molecule, real-time (SMRT) sequencing. This new generation of

sequencing technologies has focused on offering much longer read lengths (i.e. tens of

thousands of base pairs) compared with Illumina or other second-generation sequencing

technologies. Although error rates are much lower, an important aspect is that sequenc-

ing errors tend to be uniformly distributed throughout reads. This unbiased error rate,

combined with the long read lengths to resolve repetitive regions, mean that complete

de novo assembly is theoretically possible in many cases given enough sequencing depth.

See Chaisson et al. [106] for a review and discussion comparing SMRT-based de novo

assembly with other technologies.

SMRT sequencing and its associated technologies and algorithms offer the potential

for reference-quality de novo assembly. Assembly algorithms specifically designed for

SMRT sequencing, such as FALCON [107], have been developed in recent years, and the

technology has started to be used to do complete assembly of large genomes in many

organisms, including in humans [108, 109]. It appears likely that SMRT sequencing will

emerge as an ideal solution to personal genome assembly as well in the future, though

improvements in read length and throughput are still necessary before complete human

de novo assembly becomes routine [106]. Until such improvements to SMRT sequenc-

ing are realized, techniques such as SHEAR-Assemble can offer an effective alternative

approach that emphasizes efficiency and ease-of-use by leveraging more readily-available

sequencing technologies such as Illumina data.
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Chapter 5

Estimating Tumor Heterogeneity

5.1 Introduction

Tumors develop through genetic mutations that lead to abnormal cell growth. Tumors

also develop through a “survival of the fittest” evolutionary process, with different tu-

mor cells competing with each other for space, oxygen, and other molecular nutrients.

Because tumors grow at such an elevated rate, cells divide more frequently, leading to an

accumulation of new mutations in different cells. Mutations that give a cell a selective

advantage over other tumor cells in the environment can cause that cell to proliferate

into a dominant population, known as a clonal expansion. This usually results in one

subclone (i.e. a subpopulation of cells with a similar genetic makeup) that dominates

the tumor and drives the tumor’s growth. However, the ongoing evolutionary battle be-

tween the different cellular subpopulations means that there is always a heterogeneous

mix of subclones, each with their own genomes, within any given tumor. Tumors in

which the internal microenvironments differ significantly across the tumor can also lead

to a more evenly distributed heterogeneous mix of subclones, in which different subclones

can dominate different parts of the tumor. For example, one portion of the tumor tissue

may have more direct access to blood flow, and the subclone that dominates there might

be different from other areas of the tumor where the dominant subclone has a selective

advantage for dealing with more limited access to blood.

Tumor heterogeneity is an important problem because it can often lead to poor

clinical outcome when treating cancer patients. Tumors with a high level of cellular
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heterogeneity can make it difficult to classify the tumor’s phenotype, and thus difficult

to prescribe the most effective treatment option. Even for tumors that are relatively

homogenous (i.e. one cell subclone that has a very strong dominance in the tumor),

effective treatment may successfully target the primary tumor clone, but a small subclone

may rise up to take its place if it contains mutations that lead to resistance against the

treatment. For example, a recent study analyzing a prostate cancer cell line found that

a deletion in the androgen receptor (AR) gene was present in a very small portion of

the cell line at first, but grew to be present in the majority of the cells after being

cultured in an androgen-deficient environment [110]. This suggests that the deletion

is a marker for resistance to androgen depletion therapy (ADT), a common treatment

for castration-resistant prostate cancer (CRPCa). This demonstrates the importance

of studying all variants, including those present in small portions of a heterogeneous

tumor sample. Tumor heterogeneity can also cause clinical problems if metastases are

genetically different from the dominant clone in the primary tumor, which again would

require a shift in treatment plan.

All of this leads to a currently unmet need for effective methods to characterize

heterogeneity in a given tumor. This will play a vital role in our ability to understand

cancer, and subsequently our ability to effectively treat it.

Various techniques have been developed that use SNP array data or next-generation

sequencing data to estimate tumor purity or tumor ploidy for a sample. These techniques

attempt to quantify the proportion of the sample that contains tumor cells (i.e. tumor

purity) as well as the average copy number of the DNA content in those cells (i.e. tumor

ploidy). Newer tumor purity/ploidy estimation algorithms have also begun to focus on

predicting multiple tumor subclones. The output from these algorithms can provide

a good “big-picture” view of the tumor heterogeneity in a sample, but lack detailed

information, particularity due to ignoring information about copy-neutral events.

Another way to address this problem is to predict and examine variants that are

present in only a portion of the sequencing sample. The frequency of each variant in the

sequencing sample can then be estimated using information gathered from the alignment.

For SNPs and small INDELs, the variant frequency can be estimated using the counts of

reads aligned at the locus that contain the variant versus those that do not. This is not

immediately possible for SVs because these types of variants often fuse together different
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parts of the genome. Thus, a direct locus-specific comparison involving the reads that

contain the variant versus those that do not is not possible. Some tumor purity/ploidy

estimation algorithms effectively produce frequency estimations for copy number variants

(CNVs) by estimating the number of copies of a segment in the sequencing sample, but

in general a variant frequency estimation scheme that accounts for all types of SVs has

not been developed.

The second main functionality that we have developed for SHEAR (previously in-

troduced in Chapter 4) is SHEAR-SV, an algorithm to estimate the frequencies for all

types of SVs using information about reads that are soft-clipped at, or that span across,

SV breakpoints and fusion junctions. In this chapter, we will introduce our scheme for

SV frequency estimation, and present results demonstrating the efficacy of our approach

on simulated and real sequencing data from heterogeneous tumor samples. Section 5.2

contains a discussion of related work on the subject of tumor heterogeneity estimation.

In Section 5.3, we present the SHEAR-SV model for SV frequency estimation using soft-

clipped and breakpoint-spanning read information. Our experimental results from both

simulated and real tumor data sets are presented in Section 5.4. Finally, we conclude

with a discussion of issues and ideas for future work in Section 5.5.

5.2 Related Work

Estimating tumor heterogeneity is a challenging and complex analysis, and techniques

have been developed that address the problem in a number of diverse ways. The ultimate

goal with this type of analysis would be to determine the number of different subclones

or subpopulations present in a sequencing sample (including potentially normal tissue

cells), the variants present in each subpopulation, and the proportion of the sample that

each subpopulation composes. No technique has been established that offers a com-

plete solution to tumor heterogeneity estimation, but many existing approaches address

different components of the problem.

One component of the problem is estimating the proportion of the sample that a

particular variant is present in. For SNPs and small INDELs, estimating the variant

frequency is a straightforward calculation that compares the number of reads aligned at

the variant site that contain the SNP/INDEL with the number of reads that do not. For
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Multiple
Algorithm Data Used Information Used Tumor Genomes

ABSOLUTE [112] SNP Array Copy Number (SNP Locus) -
Karyotype Likelihoods

ASCAT [113] SNP Array Copy Number (SNP Locus) -
SNP Allele Frequency

CNAnorm [114] NGS Copy Number (Intervals) -

AbsCN-seq [115] NGS Copy Number (Intervals) -

THetA [116, 117] NGS Copy Number (Intervals) Yes

Clomial [118] NGS SNP Allele Frequency Yes

EXPANDS [119] NGS or SNP Array Copy Number (SNP Locus) Yes
SNP Allele Frequency

Table 5.1: A comparison of several tumor heterogeneity estimation algorithms.

example, the HaplotypeCaller program in GATK [100] produces a VCF file [111] with

entries for each SNP or INDEL that is detected. For each SNP/INDEL, the VCF entry

also contains an AD tag, which is defined as “allelic depths for the ref and alt alleles

in the order listed.” This is essentially counts of the number of reads containing the

variant (or multiple variants if the site has multiple alternative alleles) and the number

of reads containing the reference bases. This information can be used to directly compute

the variant frequency for each predicted SNP and INDEL. This is a variant-by-variant

approach of estimating tumor heterogeneity, but is only applicable for SNPs and INDELs.

Alternatively, there have been a number of techniques that attempt to analyze tumor

heterogeneity from a “big picture” perspective. These algorithms estimate tumor ploidy

and tumor purity from sequencing data or SNP array data derived from a tumor sample

(see Table 5.1 for a summary). Tumor ploidy refers to the average total copy number

of the DNA content in the tumor cells. A ploidy of two would be equivalent to the

normal genome, whereas a smaller or greater value would correspond with a net loss

or gain of DNA content, respectively. Tumor purity refers to the percentage of cells in

the sequencing sample that are tumor cells (as opposed to normal cells). By attempting

to distinguish between normal and tumor genomes in a sequencing sample (albeit with

assuming only one tumor subclone), tumor ploidy/purity estimation algorithms represent

an initial effort to solve a portion of the larger tumor heterogeneity problem.

ABSOLUTE [112] and ASCAT [113] are two of the earliest tumor ploidy/purity
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estimation algorithms. Both of these work on SNP array data, which which contains

an allele frequency and copy number information for each SNP. A statistical model is

used to jointly estimate ploidy and purity using that information. ABSOLUTE also

contains an additional step where ambiguous solutions are resolved by using a database

of common cancer karyotypes to find the more likely solution. CNAnorm [114] works on

next-generation sequencing data instead of the older SNP array technology, but estimates

ploidy first followed by estimating purity, rather than estimating both jointly. AbsCN-

seq [115] is another approach that uses next-generation sequencing, but infers ploidy and

purity jointly, along with absolute copy numbers. These approaches all assume there is

only one tumor subclone.

More recently an algorithm called THetA was developed that allows for multiple

tumor genomes in its inference [117, 116]. The genome is first partitioned into different

segments by locating segments with constant coverage and separating neighboring seg-

ments with coverage differences. This is done using a copy number prediction or DNA

segmentation algorithm, such as BIC-seq [120]. This data can be thought of as a read

vector in which each entry represents the number of reads that uniquely align to a par-

ticular segment. THetA then models this data as a multinomial distribution in order

to estimate the probability of sampling from each segment using maximum likelihood.

This probability is the product of two factors: (1) a C matrix that represents the actual

integer copy number for each segment in each genome, and (2) a µ vector that repre-

sents the proportion of each genome in the sequencing sample. The product of these

two values, Cµ, is a vector that is the probability of sampling from each segment during

sequencing. This can also be thought of as the overall proportion that each segment has

in the overall mass of DNA being sequenced. Thus, the maximum likelihood estima-

tion of the Cµ parameter can suggest a variety of C and µ combinations. THetA offers

an important improvement over ABSOLUTE or ASCAT in that it can predict multi-

ple tumor genomes, but is still limited to only analyzing copy number variants (CNVs)

in pre-determined segments, and does not deal with SNPs or copy-neutral structural

variants (i.e. inversions or translocations).

Clomial is another tumor heterogeneity estimation algorithm that can infer multiple

tumor subclones [118]. Unlike THetA, which uses CNV segments from a tumor and a

normal cell sequencing sample as input, Clomial makes its inferences using SNP and small
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INDEL information from a normal cell sequencing sample as well as sequencing samples

from multiple sections of a tumor (possibly both primary and metastatic). Specifically,

loci that are homozygous in the normal sample but exhibit an alternate SNP or INDEL

allele in at least one of the tumor samples (in at least 15 reads) are used as input.

The number of reads containing the alternate allele at a given locus i in a given tumor

section sample j is modeled as a binomial distribution with parameters Ri,j (i.e. the total

number of aligned reads at locus i in sample j) and πi,j (i.e. the probability of observing

an alternate allele read for locus i in sample j). The parameter πi,j is a function of the

clone frequencies (i.e. the distribution of clones in each sample) and the clone genotypes

(i.e. the set of alternate allele mutations found in each clone). An optimal solution is

found using a customized Expectation-Maximization (EM) algorithm [121] in which the

total and alternate allele read counts are observed variables, the clone genotypes are

latent variables, and the clone frequencies are the model parameters. The number of

clones is not inferred but rather provided as a hyperparameter. This approach allows

for accurate tumor heterogeneity estimation using input information at only a small

number of loci, but suffers the drawbacks of requiring sequencing samples from multiple

tumor sections and being confined to small heterozygous somatic variants while ignoring

information about SVs.

Another tumor heterogeneity estimation algorithm with support for predicting multi-

ple tumor subclones is EXPANDS [119]. EXPANDS uses a clustering-based methodology

to infer the tumor subclones and their genotypes. The input to EXPANDS is a set of

SNPs, each with an allele frequency and local copy number estimate. A probability den-

sity is generated for each SNP to describe the likelihood of different cell frequencies (i.e.

the percentage of cells containing the variant). For example, a SNP with a 30% allele

frequency and an estimated copy number of two would have probability density peaks

at around 30% and 60% cell frequencies, corresponding to the possible explanations of a

homozygous mutation in 30% of the cells or a heterozygous mutation in 60% of the cells,

respectively. The SNPs are then clustered based on their probability density functions

to find similar peaks across different SNPs. After some filtering, the remaining clusters

represent the predicted subclones, and the SNPs assigned to each one determine the

subclone’s genotype.

All of these tumor heterogeneity estimation algorithms either focus only on frequency
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variants for SNPs and small INDELS, or else focus more on estimating the tumor ploidy

of subclones instead of their representative variants. Importantly, none of these tech-

niques account for copy-neutral SVs, such as inversions and translocations. These types

of variants are important to study as well, since they can result in changes to gene ex-

pression by moving genes next to different regulatory elements, or even create fusion

genes when breakpoints occur in the middle of two different genes.

5.3 Proposed Approach

SHEAR can help address the tumor heterogeneity problem by assigning estimated fre-

quencies to predicted variants, thus determining heterogeneity on the level of individual

mutations. One of the novel components of SHEAR is an algorithm (SHEAR-SV) for

estimating these frequencies for SVs (including copy-neutral events such as inversions or

translocations) using soft-clipping information.

After the iterative local realignment pipeline is completed, the frequencies for each

variant can be estimated by comparing the average number of reads per locus from the

reference-like sequence (i.e. reference depth R) with the number of reads per locus from

the variant sequence (i.e. variant depth V ). The estimated frequency of a variant (or its

heterogeneity level) is simply equal to:

H =
V̂

R̂+ V̂
(5.1)

where R̂ and V̂ are the maximum likelihood estimates for R and V . In the case of

SNPs and small INDELs, this is a trivial estimation, as R̂ is merely the number of reads

aligned over the locus for the SNP/INDEL that contain the reference bases, and V̂ is

the number of reads aligned over the locus that contain the SNP/INDEL.

As mentioned previously, this approach is not directly applicable to estimating variant

frequencies for SVs, and some heuristics must be used to obtain estimates for R̂ and V̂

in the case of SVs. These can be estimated from the numbers of reads that span the

SV breakpoints and the number of reads that are soft-clipped at these breakpoints. The

model to calculate R̂ and V̂ depends on the type of SV. Below we present our variant

frequency estimation schemes for all types of SVs (i.e. deletions, tandem duplications,
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inversions, translocations, and insertions). In all cases, the goal is to determine the

estimated reference depth (R̂) and the estimated variant depth (V̂ ), and to estimate

the heterogeneity percentage by comparing the two as in Equation (5.1). Each case

will be accompanied by a toy example in which the variant subpopulation composes

20% of the sample (i.e. the true value of H) and the alignment behavior is depicted

in a corresponding figure. Let the total number of aligned reads that span both SV

breakpoints (or the sole SV breakpoint in the case of an insertion) be A, and the total

number of relevant soft-clipped reads in each situation be B.

In the case of a deletion, the original reference has two breakpoints that are merged

into the same locus in the variant subpopulation (see Figure 5.1). Reads sampled from

the variant subpopulation that span this breakpoint will align, with soft-clipping, to

either of the corresponding breakpoints in the reference depending on which half of the

read the breakpoint is at. Thus, the relevant soft-clipped reads are all of those that

are clipped on their 3’ ends at the left breakpoint, and all of those that are clipped on

their 5’ ends at the right breakpoint, which together are are used as the estimate for the

variant depth (i.e. V̂ = B). The estimated reference depth R̂ is taken from the average

number of spanning reads between the two breakpoints, (i.e. 1
2A). The heterogeneity

percentage, H, is estimated as:

H =
V̂

R̂+ V̂
=

B

(12A) + (B)
=

2B

A+ 2B
(5.2)

In the example in Figure 5.1, A = 16 and B = 2, giving an estimated variant depth of

2× and an estimated reference depth of 1
216 = 8×, for a 20% estimated variant frequency.

The case of a tandem duplication is slightly more complicated (see Figure 5.2). Reads

from the variant subpopulation that span the new fusion (i.e. the middle of the tandem

repeat) will again map to either of the two reference breakpoints depending on which

side of the breakpoint each is more aligned with. In this case, the relevant soft-clipped

reads (i.e. B) are composed of all the reads that are clipped on their 5’ end at the

left breakpoint or that are clipped on their 3’ end at the right breakpoint. However,

reads that align correctly to the outside edges of the duplicated segment could have been

sampled from either the reference-like sequence or the variant sequence. In order to get

an accurate estimate of the number of reads from the reference-like sequence, we must
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Reference
Sequence

Variant
Sequence

A = 16

B = 2

Figure 5.1: Alignment of reads from a heterogeneous deletion. There is a 10× overall
depth of coverage, with 20% of the sample coming from the variant sequence containing
the deletion (i.e. 2× depth) on the bottom and 80% from the reference-like sequence
(i.e. 8× depth) on top. Arrows indicate how reads from the variant sequence will be
aligned against the reference genome, with soft-clipping indicated by dotted line borders.
A indicates the total number of reads that span either breakpoint, and B indicates the
total number of relevant soft-clipped-reads. A and B are used by SHEAR to estimate
the variant frequency for a deletion.

account for the fact that A contains reads from both populations. Again we take the

total number of relevant soft-clipped reads, B, as the estimated variant depth V̂ . This

is then subtracted from the average number of spanning reads to arrive at an estimated

reference depth. The heterogeneity percentage is thus estimated as:

H =
V̂

R̂+ V̂
=

B

(12A−B) + (B)
=

2B

A
(5.3)

In the example in Figure 5.2, A = 20 and B = 2, giving an estimated variant depth

of 2× and an estimated reference depth of 1
220 − 2 = 8×, for a 20% estimated variant

frequency.

Unlike deletions and tandem duplications which have a difference in the number

of breakpoints involved between the reference-like sequence and the variant sequence,

inversions have two breakpoints in each sequence (see Figure 5.3). Reads sampled from

the variant subpopulation that span these breakpoints will again map to either of the

reference breakpoints, depending on their location. Reads that are soft-clipped in either

direction at either breakpoint are all relevant in this case. Because there is no copy

number change in an inversion, we can directly estimate the heterogeneity by comparing
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Tandem
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Reference
Sequence

Variant
Sequence

A = 20

B = 2

Figure 5.2: Alignment of reads from a heterogeneous tandem duplication. There is a
10× overall depth of coverage, with 20% of the sample coming from the variant sequence
containing the tandem duplication (i.e. 2× depth) on the bottom and 80% from the
reference-like sequence (i.e. 8× depth) on top. Arrows indicate how reads from the
variant sequence will be aligned against the reference genome, with soft-clipping indicated
by dotted line borders. A indicates the total number of reads that span either breakpoint,
and B indicates the total number of relevant soft-clipped-reads. A and B are used by
SHEAR to estimate the variant frequency for a tandem duplication.

the total number of soft-clipped reads with the total number of spanning reads at the

two breakpoints of the inversion. Heterogeneity is thus estimated as:

H =
V̂

R̂+ V̂
=

1
2B

(12A) + (12B)
=

B

A+B
(5.4)

In the example in Figure 5.3, A = 16 and B = 4, and a direct estimation of variant

frequency is again 20%.

In the case of the translocation depicted in Figure 5.4, in which the 3’ end of the

forward strand on one chromosome is joined to the 5’ end of the forward strand on

another chromosome, the relevant soft-clipped reads (i.e. B) are those that are clipped

on the 3’ end of the first breakpoint or clipped on the 5’ end of the second breakpoint.

Note that this may change depending on the translocation type. For example, in the

case of the 3’ end of the forward strand on one chromosome being joined to the 5’ end of

the reverse strand on another chromosome, the relevant soft-clipped reads at the second

breakpoint would instead be those that are clipped on their 3’ end as well (relative to the

forward strand). In all translocation cases though, regardless of how B is determined,

the variant frequency model is the same as that of a deletion:
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Variant
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A = 16

B = 4

Figure 5.3: Alignment of reads from a heterogeneous inversion. There is a 10× overall
depth of coverage, with 20% of the sample coming from the variant sequence containing
the inversion (i.e. 2× depth) on the bottom and 80% from the reference-like sequence
(i.e. 8× depth) on top. Arrows indicate how reads from the variant sequence will be
aligned against the reference genome, with soft-clipping indicated by dotted line borders.
A indicates the total number of reads that span either breakpoint, and B indicates the
total number of relevant soft-clipped-reads. A and B are used by SHEAR to estimate
the variant frequency for a inversion.

H =
V̂

R̂+ V̂
=

B

(12A) + (B)
=

2B

A+ 2B
(5.5)

In the example in Figure 5.4, A = 16 and B = 2, giving an estimated variant depth of

2× and an estimated reference depth of 1
216 = 8×, for a 20% estimated variant frequency.

Finally, we have the case of an insertion (see Figure 5.5). There is only one breakpoint

in this case, which contains portions of clipped reads from two different loci on the variant

sequence. In this case, the total number of reads that span the lone breakpoint is used

as the reference-depth estimation R̂ rather than taking the average of all spanning reads

at two breakpoints. The relevant soft-clipped reads are all taken from the same lone

breakpoint, and can be clipped in either direction. Heterogeneity is thus estimated as:

H =
V̂

R̂+ V̂
=

1
2B

A+ (12B)
=

2B

A+ 2B
(5.6)

In the example in Figure 5.5, A = 8 and B = 4, giving an estimated variant depth of
1
24 = 2× and an estimated reference depth of 8×, for a 20% estimated variant frequency.

Note in that the above discussion of the models for H we are assuming intra-cellular

homozygosity (i.e. all copies of the genetic locus within the cell contain the variant),
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Translocation

Reference
Sequence

Variant
Sequence

A = 16

B = 2

Figure 5.4: Alignment of reads from a heterogeneous translocation. There is a 10×
overall depth of coverage, with 20% of the sample coming from the variant sequence con-
taining the translocation (i.e. 2× depth) on the bottom and 80% from the reference-like
sequence (i.e. 8× depth) on top, which includes two different chromosomes. Arrows in-
dicate how reads from the variant sequence will be aligned against the reference genome,
with soft-clipping indicated by dotted line borders. A indicates the total number of
reads that span either breakpoint, and B indicates the total number of relevant soft-
clipped-reads. A and B are used by SHEAR to estimate the variant frequency for a
translocation.

Insertion

Reference
Sequence

A = 8

B = 4

Variant
Sequence

Figure 5.5: Alignment of reads from a heterogeneous insertion. There is a 10× overall
depth of coverage, with 20% of the sample coming from the variant sequence containing
the insertion (i.e. 2× depth) on the bottom and 80% from the reference-like sequence (i.e.
8× depth) on top. Arrows indicate how reads from the variant sequence will be aligned
against the reference genome, with soft-clipping indicated by dotted line borders. A
indicates the total number of reads that span the breakpoint, and B indicates the total
number of relevant soft-clipped-reads. A and B are used by SHEAR to estimate the
variant frequency for a insertion.
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but the likelihood of heterozygosity in real-world data sets should be considered when

interpreting the meaning of H. Thus, a reported variant frequency of H = 50% could

imply either that 100% of the cells in the sequencing sample are heterozygous for the

variant in a diploid case, or that 50% of the cells in the sequencing sample are homozygous

for the variant.

5.4 Experimental Results

5.4.1 Simulated data

We estimated SV frequencies for all SVs that were found in the simulated heterogeneous

tumor data sets analyzed previously in Section 4.4.1. Table 5.2 demonstrates the con-

sistent accuracy of our variant frequency estimations on SVs that are discovered. As

expected, there is more error in estimating the heterogeneity levels of tandem duplica-

tions than there is for deletions due to the heuristics used to estimate the number of

reads from the reference-like sequence (see Figure 5.2). The average error of variant

frequency estimation is higher at lower coverage levels, due to the smaller sample size of

reads, and this effect is amplified for the more difficult problem of estimating the variant

frequencies of tandem duplications. SHEAR’s local realignment component also helps

to improve the accuracy of SV frequency estimation by fixing incorrectly soft-clipped

reads. In comparison with estimating variant frequencies from the original alignment,

performance is improved by an average of 11.26 percentage points across the 2520 SVs

in the simulated data set after SHEAR’s targeted local realignment.

5.4.2 Tumor cell line data

To evaluate our SV frequency estimation methodology on an experimental real-world

data set, we used next-generation sequencing data from previous work that examined

the role that variants in the androgen receptor (AR) gene have on castration-resistant

prostate cancer (CRPCa) [110]. Paired-end reads were sampled at 6000× coverage from

non-repetitive regions of the AR locus in DNA from the CWR-R1 cell line model of

CRPCa. Reads were 76 bp in length with a 208 bp median fragment size (62.44 bp

standard deviation).
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Deletions Tandem Duplications

Depth 150 bp 1000 bp 30 kbp 150 bp 1000 bp 30 kbp

10× 0.00 1.22 1.46 13.98 13.73 12.27
20× 0.08 0.52 1.14 8.91 11.22 12.40
30× 0.17 0.42 1.06 9.64 11.48 11.86
50× 0.10 0.27 1.17 9.83 9.69 9.20
100× 0.08 0.21 1.21 5.56 5.47 6.06
500× 0.09 0.21 1.04 4.17 2.35 4.09
1000× 0.08 0.18 1.06 4.58 2.11 3.40

Table 5.2: Average error of SV frequency estimation. Each entry reports the aver-
age absolute error for estimation of variant frequencies for a variety of SVs at different
overall coverage levels. For each pairing of SV type and coverage level, ten iterations of
simulation were sampled from each of seven different underlying heterogeneity percent-
ages (20%, 40%, 60%, 80%, 90%, and 100%) for a total of 70 simulations per entry in
the table. The reported error is the absolute difference between SHEAR’s estimation
of variant frequency and the true percentage of breakpoint reads originating from the
variant sequence. Each entry in the table contains the average error for that scenario,
ignoring simulations in which the SV was not predicted. For example, for the first entry
in the table (150 bp deletion at 10× depth), the SV is only predicted in 24 out of the
70 simulations due to the low coverage, and thus the average error is from those 24
estimations.

88



Variant
No. SV Type Breakpoints Frequency Validated

1 Translocation chr15:49,498,516 chrX:66,829,481 1.42% -
2 Deletion chrX:66,812,839 chrX:66,861,669 29.21% Yes
3 Deletion chrX:66,813,091 chrX:66,861,564 1.73% Yes
4 Deletion chrX:66,830,140 chrX:66,861,904 1.68% Yes
5 Deletion chrX:66,874,605 chrX:66,896,916 0.76% Yes
6 Deletion chrX:66,941,805 chrX:66,942,669 0.36% -

Table 5.3: Left and right breakpoint locations on the reference sequence are given for
each predicted structural variation, as well as the estimated levels of heterogeneity.

Table 5.3 lists the results found from this data set. SV #1 is a translocation between

the GALK2 gene locus on chromosome 15 and intron 1 of AR. SVs #2–4 are deletions

within intron 1 of AR while SV #5 is located in intron 2. SV #6 is a deletion of the

exact locus of intron 6 in AR and thus is likely the result of cDNA copies of mRNA

present in the sequencing sample, as this sample was prepared in a lab that frequently

works with AR expression vectors. Thus, the supporting reads for this SV call might

have come from cDNA containing exons 6 and 7 spliced together.

SVs #2, #3, #4, and #5 were experimentally validated in this cell line sample

using nested polymerase chain reaction (PCR) with deletion-spanning primers to amplify

candidate SV regions, and Sanger sequencing to verify the joined sequences. We validated

SV #3 in a previous study [110], and the PCR gel enrichments and electropherogram

peak traces for SVs #2, #4, and #5 clearly confirm their presence in the sequencing

sample (see Figure 5.6). Additionally, SHEAR removed eight CREST predictions that

were slight derivations of these four reported SVs and that SHEAR determined to be false

positives due to sequencing error. The experimental validation of SHEAR’s reported SV

breakpoints confirms that the removed CREST predictions were indeed false positives.

We were unable to validate SV #1 via nested PCR because both of its breakpoints are

located in repeat regions of the genome, making validation more difficult. This result

could be spurious, however, the PCR validation of SVs #3, #4, and #5 suggests that

SHEAR has the capability to identify true variants present in a very small percentage

of the sample.

SVs #1 and #6 were not predicted by running CREST alone, outside of the SHEAR
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Figure 5.6: Verified SVs from AR locus in CWR-R1 cell line. The locations of the
four verified deletions within the AR gene locus are depicted in (a). The eight exons
are marked with vertical bars, with the 5’ and 3’ UTRs marked with shorter bars at the
ends of the locus. The orientation and order of PCR primers used to verify each SV are
shown along the bottom. SV #3 was verified in a previous study. Some features and
positioning on the figure may not be to scale. Amplified product from PCR validates the
presence of (b) SV #2, (d) SV #4, and (f) SV #5. For SV #5, the first round of nested
PCR using the outermost primers did not reveal any amplified product, but the second
round using the interior primers validates the presence of the variant. Electropherogram
peak traces validate the fusion signature for (c) SV #2, (d) SV #4, and (g) SV #5.
The highlighted bases represent microhomology of identical bases on both breakpoint
boundaries.
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framework. It is only by re-running CREST after performing our pipeline to fix soft-

clipping errors that there is enough evidence to successfully detect these two SVs. As

mentioned, we were unable to validate SV #1 via nested PCR, and SV #6 is believed

to be the result of RNA contamination. However, even though SV #6 is not an SV of

interest, it still likely represents a true signal in the sample (i.e. RNA contamination)

and thus demonstrates how the SHEAR pipeline can improve upon using CREST alone.

Additionally, for the other SVs, the SHEAR pipeline improves the confidence of the

CREST prediction by increasing the number of soft-clipped reads that are concordant

with the breakpoint pairs. For example, SV #2 is supported by 773 soft-clipped reads

after running CREST on the default alignment, but has 1114 supporting reads using the

SHEAR pipeline.

In our previous work, we also determined that there is a 2030% decrease in copy

number in the region of these deletions using multiplex ligation-dependent probe assay

(MLPA) [110]. Previously thought to be attributed to a subpopulation with SV #3,

this is instead precisely consistent with the heterogeneity level of the deletion of SV #2,

as estimated by SHEAR. At the left breakpoint of SV #2, there are 702 reads that

are soft-clipped on their 3’ end and 3,094 reads that span the breakpoint, while the

right breakpoints has 412 reads that are soft-clipped on their 5’ end along with 2,306

spanning reads (see Figure 5.7). Using SHEAR’s variant frequency estimation scheme

for a deletion (see Equation (5.2)), for this SV we would have A = 3, 094+2, 306 = 5, 400

and B = 702 + 412 = 1, 114 for an estimated variant frequency of:

H =
2B

A+ 2B
=

2× 1, 114

5, 400 + 2× 1, 114
= 29.21%

Deletions in this region have been implicated in alternative splicing of the AR gene,

which can result in resistance to androgen depletion therapy (ADT) in CRPCa patients.

It should be noted that there is a natural bias towards sampling DNA that is more

similar to the reference sequence when doing targeted sequencing due to the “baits”

used to target specific regions for sequencing. Divergent genomic sequences will be less

likely to be sampled, especially when the baits are close to the breakpoints. This bias

would be present in this tumor cell line data, meaning that our calculated heterogeneity

percentages are likely underestimated by an unknown amount. The agreement between
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Figure 5.7: Alignment at breakpoints for SV #2 from CWR-R1 cell line. a portion of
the alignment of CWR-R1 sequencing data is shown at the two breakpoints for SV #2,
located within the AR gene, with reference sequence shown along the bottom. At the
left breakpoint (chrX:66,812,839) there are 702 reads that are soft-clipped on the 5’ side,
and 3,094 reads that span the breakpoint. At the right breakpoint (chrX:66,861,669)
there are 412 reads that are soft-clipped on the 3’ side, and 2,306 reads that span the
breakpoint. Using SHEAR’s heterogeneity estimation scheme, these numbers predict a
variant frequency level of 29.21%. Note that there is a microhomology of 2 bp (TC) that
borders both breakpoints, and the fusion of the two sides will only contain one copy of
these two nucleotides. Visualization performed using IGV [122, 123].

our computational estimation and the MLPA wet-lab estimation suggests that this un-

derestimation is small, however it is still present nonetheless.

5.4.3 Other tumor data

SHEAR-SV has been applied to numerous other heterogeneous tumor data sets, which

has led to a number of interesting findings and insights that have been made possible

through our approach. Here we present one example of such a finding:

SHEAR-SV was applied to a series of tumor samples that originated from primary,

secondary, and tertiary osteosarcoma tumors, as well as a matched normal tissue sample,

all from the same patient. The secondary and tertiary tumors were sequenced after the

patient went through a chemotherapy treatment. SHEAR-SV identified a translocation

between the 3’ untranslated region of the TP53 gene on chromosome 17 and the first

intron on the KPNA3 gene on chromosome 13. This fusion signature was present in the

three tumor samples, but not in the germline sample.

Interestingly, the variant frequency for this translocation drastically increases in the

secondary (95.5%) and tertiary (91.8%) tumor samples as compared with the primary
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tumor sample (13.9%). In other words, this particular variant is present in the original

tumor in a smaller subclone, but grows to encompass the vast majority of the post-

chemotherapy tumor samples, suggesting that there may be a mechanism for chemother-

apy resistance (though more experiments are required to verify any functional impact

of this mutation). TP53 is a well-known tumor suppressor gene that has been found

to be associated with many different cancer types, though its unknown what impact a

TP53 -KPNA3 fusion may have.

5.5 Discussion and Future Work

There are a number of potential issues with our proposed approach, as well as a variety of

extensions that can be explored to address such issues and offer additional functionality

through SHEAR.

First, even if the alignment is done perfectly, with no sequencing errors and correct

soft-clipping, the estimated heterogeneity level cannot fully account for random fluctua-

tions between the coverage of the reference-like DNA and the variant DNA in the sample.

This uncertainty can always be minimized by increasing the depth of the sequencing to

reduce the variation in these coverage level fluctuations. Future development for SHEAR

will include reporting confidence intervals for heterogeneity estimations to help quantify

this uncertainty.

Another issue that can arise is biased SV frequency estimations that results when

the input data comes from a capture array. In these cases, specific regions of the genome

are extracted, amplified, and sequenced. If a translocation were to be present that joins

a genomic region in the capture array with a region outside of the capture array, the

assumptions of our variant frequency estimation model do not hold true. Specifically,

there would likely not be any reads that span the breakpoint at the non-capture array

location and thus the estimated reference depth would be an underestimate. Future ver-

sions of SHEAR will investigate ways to address this issue. One possibility is to allow an

extra configuration option in SHEAR where users can provide capture array coordinates.

If translocations contain breakpoints outside of those coordinates, the variant frequency

estimation model would be updated to only look at spanning reads at the capture array

breakpoint.
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We will also explore the possibility of applying SHEAR to other kinds of heteroge-

neous sequencing data sets, such as pooled population samples or metagenomic samples

that can share a similar reference sequence. We believe that SHEAR’s ability to quan-

tify the heterogeneity percentage of predicted SVs makes it an ideal tool to help analyze

these types of data sets.

Finally, a large part of future work in this area will be in leveraging the SV frequency

estimation model of SHEAR as part of a broader solution to the tumor heterogeneity

estimation problem in general. As mentioned previously, an ideal tumor heterogeneity

estimation solution would determine the number of different subclones or subpopulations

present in a sequencing sample (including potentially normal tissue cells), the variants

present in each subpopulation, and the proportion of the sample that each subpopula-

tion composes. This is not yet realistic using existing approaches, but SHEAR-SV can

provide an important component (i.e. SV frequency estimations, especially for copy-

neutral events) that can combine with SNP/INDEL frequency estimations and tumor

purity/ploidy estimations to potentially offer a more complete solution to this problem.

Estimation of tumor heterogeneity, like any statistical inference, can be made more

accurate with more observed data. Recent tumor heterogeneity estimation algorithms

have combined multiple sources of information to achieve more accurate results, such

as ABSOLUTE [112] leveraging karyotype databases to help refine its results from SNP

array data, or EXPANDS [119] using both CNV data and SNP allele frequencies in its

model. Frequencies of SVs, particularly for copy-neutral events, are a piece of currently

under-utilized information that can help improve these estimations by providing more

data points to increase accuracy. Furthermore, existing tumor heterogeneity estimation

algorithms do not utilize SV breakpoint information, another piece of information that

could be used to improve accuracy.

SHEAR’s SV frequency estimation approach described in this chapter is a novel

scheme that can provide currently under-utilized information (i.e. the breakpoints and

frequency of copy-neutral and copy-number-changing SVs as estimated from soft-clipping

information). Currently, SHEAR-SV simply outputs the predicted set of variants along

with their estimated frequencies, but does not predict the genotypes of tumor subclones.

To be of more use, these predicted variants must be grouped into their respective sub-

clones. This is something that existing tumor purity/ploidy estimation algorithms are
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good at. A natural extension of both SHEAR and the these other tumor heterogeneity

estimation algorithms is to combine SHEAR’s SV frequencies with the SNP and CNV

information normally used by tumor heterogeneity estimation algorithms to create a

more accurate prediction model. By grouping together variants into their respective

subclones, these extensions can also be used to improve the SHEAR-Assemble pipeline

by automating the creation of multiple personal genomic sequences from a heterogeneous

sample (see Section 4.5).

One potential avenue to pursue would be to extend the model used by EXPANDS

[119] to cluster SVs as well as SNPs. As described previously in Section 5.2, EXPANDS

works by clustering the cell frequency probability densities associated with each SNP to

find common peaks that identify tumor subclones and their respective variants. The SV

frequency estimations done by SHEAR-SV can be used to generate analogous cell fre-

quency probability densities for SVs as well. By clustering SNPs and SVs simultaneously,

it may be possible to achieve more accurate tumor heterogeneity estimations.

Another approach may be to combine the outputs of THetA [116, 117] with that

of SHEAR-SV to predict more complete subclone genotypes. The output of THetA

is a set of subclones, each characterized by its frequency and a copy number in each

segment of the genome. Thus, it does not contain SNPs or copy-neutral SVs in predicted

subclone genotypes. SHEAR-SV predicts variant frequencies for both of these, and these

frequencies can be assigned to predicted subclones by determining which subclone has

a frequency and copy number in the variant’s segment that most closely matches the

predicted variant frequency.

Finally, one last potential way to combine SHEAR-SV with existing methodologies

is to use deletion and duplication predictions from SHEAR-SV to help guide DNA seg-

mentation algorithms. Both the EXPANDS and THetA models, as well as other tumor

heterogeneity estimation algorithms, use copy number segments as input data, which

are generated by DNA segmentation algorithms such as BIC-seq [120]. In the case of

small frequency subclones with unique copy number changes, those variants may not be

reflected in the estimated segmentation because the gain or loss in read depth can appear

to be noise when viewed in the context of the whole heterogeneous sequencing sample.

SHEAR-SV can predict CNVs with very small variant frequencies, and those breakpoints

can be used to either specify required segments during the DNA segmentation process
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or post-process the segmentation results. This will result in more accurate copy number

segments to be used by the tumor heterogeneity estimation models.
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Chapter 6

Conclusion and Discussion

6.1 Discussion and Future Work

Each of the three aims presented in this thesis have included discussions on opportu-

nities for future improvements for each individual technique. However, there are also

opportunities for future improvement that combine several of these concepts.

For analyzing insertional mutagenesis data, one of the challenges that occurs is in han-

dling the situation of multi-tumor mice, as discussed previously in Section 3.4.5. These

tumors can contain highly-correlated sets of insertion sites if they are evolutionarily-

related, which may result in spurious patterns if this situation is not accounted for.

Our approach uses a modification of support counts and the overall tumor counts when

evaluating the significance of CCIs that are supported by multi-tumor mice. A more

thorough approach would be to identify the evolutionary relationships (if any) between

tumors in the same mouse, and then to use that information to develop a more robust

model for the statistical evaluation of CCIs. The proposed extensions to SHEAR dis-

cussed in Section 5.5 for estimating tumor subclones could also be leveraged to evaluate

such relationships between tumors. For example, the data from all tumors from the same

mouse could be pooled together, and a tumor heterogeneity estimation algorithm could

be applied to it. This could identify the insertion sites that are shared by all tumors

as well as those that are present in only certain tumors, and thus create a more clear

picture of the evolutionary relationship between such tumors.

On a related note, the variant frequency estimation algorithms developed in Chapter 5
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could also be applied to account for potential heterogeneity in insertional mutagenesis

data, which has not been considered by existing approaches. Just like other tumors,

the tumors formed via insertional mutagenesis may also be characterized by genetic

heterogeneity. This possibility has clear implications for discovering CCIs in such data

sets, and the extent and impact of this situation should be further explored.

It should also be emphasized that the technology used to generate these types of

data is evolving rapidly, and the challenges and problems discussed in this thesis may

also be addressed by entirely new types of genetic data in the near future. We had

previously discussed the impact that SMRT sequencing technology may have on the

future of personal genomic assembly in Section 4.5. Future work will explore how new

technologies can be integrated with or expand off of the techniques presented here, such as

using single-cell sequencing [124] for categorizing tumor heterogeneity, or using CRISPR

[125] for validating the functional impact of CCIs identified in insertional mutagenesis

data.

6.2 Summary of Contributions

Throughout this dissertation, we have presented a number of novel computational tech-

niques for analyzing tumor DNA data, and demonstrated their efficacy. In Chapter 3,

we presented a framework for efficiently identifying co-occurring sets of insertion sites

in insertional mutagenesis data. This algorithm improved upon existing techniques by

being more efficient, identifying higher order patterns of CCIs, and handling scenarios

of multiple tumors originating from the same mouse. The results from these analyses

can be used to identify potential genes of interest that may be oncogenic or else act as

potential therapy targets for cancer treatment. In Chapter 4, we presented SHEAR, an

open-source and easy-to-use software package that can be used for assembling personal

genomic sequences. The SHEAR framework improves upon existing approaches by fo-

cusing on discordant regions of an alignment to improve efficiency and assemble accurate

personal genomic sequences. Such sequences can be used as references for RNA-seq or

ChIP-seq analysis of tumor cells, which is important to explore in order to determine

the downstream affects of oncogenic mutations on gene expression and gene regulation.

Finally, in Chapter 5, we presented another component of the SHEAR software package
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that is used for estimating variant frequencies for SVs found in heterogeneous tumor

samples. Existing tumor heterogeneity estimation algorithms have not focused on SV-

specific variant frequencies, especially not for copy-neutral events such as inversions and

translocations. SHEAR has been used effectively to identify heterogeneous variants in

tumor samples for a variety of cancer types, which has contributed to new insights into

the underlying genetic mechanisms of cancer.
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man, Eray Tüzün, Ze Cheng, Heather M Ebling, Nadeem Tusneem, Robert David,

110



Will Gillett, Karen A Phelps, Molly Weaver, David Saranga, Adrianne Brand,

Wei Tao, Erik Gustafson, Kevin McKernan, Lin Chen, Maika Malig, Joshua D

Smith, Joshua M Korn, Steven A McCarroll, David A Altshuler, Daniel A Peiffer,

Michael Dorschner, John Stamatoyannopoulos, David Schwartz, Deborah A Nick-

erson, James C Mullikin, Richard K Wilson, Laurakay Bruhn, Maynard V Olson,

Rajinder Kaul, Douglas R Smith, and Evan E Eichler. Mapping and sequencing

of structural variation from eight human genomes. Nature, 453(7191):56–64, 2008.

[88] Tobias Rausch, Sergey Koren, Gennady Denisov, David Weese, Anne-Katrin Emde,
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Appendix A

Acronyms

Table A.1: Acronyms

Acronym Meaning

2DGKC Two-Dimensional Gaussian Kernel Convolution

AA Association Analysis

ADT Androgen Depletion Therapy

AR Androgen Receptor

bp Base pairs

CCGD Candidate Cancer Gene Database

CCI Common Co-occurring Insertions

CGH Comparative Genomic Hybridization

ChIP Chromatin Immunoprecipitation

CIS Common Insertion Site

CNV Copy Number Variant

CRPCa Castration-Resistant Prostate Cancer

csCCI cross scale Common Co-occurring Insertions

DNA Deoxyribonucleic Acid

EM Expectation-Maximization

FDR False Discovery Rate

INDEL Insertion/Deletion

Continued on next page. . .
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Table A.1: Acronyms — continued from previous page

Acronym Meaning

GATK Genome Analysis Toolkit

GKC Gaussian Kernel Convolution

GRCm Genome Reference Consortium mouse build

HS Histiocytic Sarcoma

LC Lung Cancer

MLPA Multiplex Ligation-dependent Probe Amplification

NGS Next-Generation Sequencing

PCR Polymerase Chain Reaction

RNA Ribonucleic Acid

RTCGD Retroviral Tagged Cancer Gene Database

SHEAR Sample Heterogeneity Estimation and Assembly by Reference

SMRT Single Molecule, Real-Time

SNP Single Nucleotide Polymorphism

SB Sleeping Beauty

SV Structural Variant
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