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ABSTRACT 

Integration of Germline and Somatic Variation in Tumor Data 

Ninad Pradeep Dewal 

 

During tumor inception and progression, culprit gene variants confer selective advantage to 

progenitor cancer cells, allowing them to outcompete normal cells and proliferate uncontrollably.  

Both regions of somatic amplification as well as germline DNA sequence changes may be 

variants that are positively selected by the tumor.  Traditionally, these two variant classes have 

been studied independently.  While many discoveries have been made in such a manner, 

independent examination of these classes possesses certain limitations.  Integrated examination 

of these two classes holds the potential to reveal specific nucleotide alleles that are amplified in 

the tumor, which in turn may reveal proximal genes.  We present methods that focus on such 

integration.  The first, the Amplification Distortion Test (ADT), aims to detect nucleotide alleles 

that are selectively amplified across tumor samples.  Motivated to apply ADT on nascent next 

generation sequencing data, we developed a novel Hidden Markov Model-based method ï 

Haplotype Amplification in Tumor Sequences (HATS) ï that analyzes tumor and matched 

normal sequence data, along with training data for linkage information, to infer amplified alleles 

and haplotypes in regions of copy number gain.  HATS is designed to handle biases in read data 

as well as accommodate rare variants.  We demonstrate that HATS infers the amplified alleles 

more accurately on simulated and real tumor data than does an alternate naïve approach, 

especially at low to intermediate sequence coverage levels, and when allele-specific biases or 

stromal contamination is present.  We present these methods with the motivation that they may 

aid the cancer community in identifying novel causal or associated putative variants.
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Chapter 1. Introduction  

 Cancer is a collection of diseases that together form the leading cause of death in 

developed countries and second leading cause of death worldwide, with over 12 million new 

cases each year globally (ACS 2011).  The cancer phenotype occurs when cells in a tissue 

become aberrant due to genetic changes ï partly caused by external mutagens ï and multiply 

without check, forming a tumor mass that is damaging to the surrounding tissue as well as other 

tissues in case the cells migrate.  This phenomenon can occur in many of the differing tissue 

types in the human body, leading to various types of cancer: lung, brain, breast, colon, ovarian, 

skin, prostate, renal, blood, and more.  Common classes of underlying genetic changes have been 

found among cancer types, either occurring at the body cell level (somatic) or being transmitted 

from parent to offspring (germline).  A central aim in cancer research is to unearth such variant 

classes as well as particular instances of variants within or among cancer types, followed by 

characterizing the effects of such variants on the cell towards tumor initiation and growth.  These 

variants are thought to confer selective advantage to progenitor cancer cells from the perspective 

of the disease and therefore would be observed with greater probability within a progressing 

tumor (Nowell 1976). 

 Four important genetic variant classes have been studied in greater detail ï single point 

variants and copy number changes in either somatic or germline tissue.  Traditionally, these 

variant classes have been examined independently of one another, with many particular variants 

being discovered.  However, they explain only a fraction of cancer cases, possibly due to power 

limitations related to independent examination.  For example, studies exploring associations 

between germline variants and disease require large cohort sizes (often in the thousands) and are 

vulnerable to population stratification effects (Klein 2007).  Integrated examination of classes 
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may bypass some of these limitations and holds the potential to reveal additional markers ï 

which may not appear otherwise ï that implicate proximal cancer-related genes.  

1.1: Research Questions 

 The work in this dissertation focuses primarily on integrating germline single point 

variants with the wide regions of somatic copy number gain.  One particular question we ask is: 

At certain genomic sites, are particular germline nucleotide alleles selected for somatic 

amplification across tumor samples?  Upon developing the method to approach this (described in 

Chapter 4), as well as applying it to glioblastoma data (Chapter 5), we then asked: Can we 

extend this method to tumors sequenced on modern sequencing platforms?  Approaching this 

question first requires having copy numbers of each nucleotide allele (allele-specific copy 

numbers) on data from such platforms, motivating our work in Chapter 6. 

1.2: Contributions 

 To address the first research question above, we developed a method termed 

Amplification Distortion Test (ADT).  At a high level, ADT utilizes germline single nucleotide 

variant and somatic copy number gain information to perform a genome-wide scan for germline 

nucleotide alleles and haplotypes that are selected for somatic amplification across tumor 

samples.  Hits that pass genome-wide significance thresholds can eventually undergo fine 

mapping, which may implicate existing and novel genes.  A basic flavor of this method uses only 

information from heterozygous tumor calls, in a manner analogous to the Transmission 

Disequilibrium Test (TDT) from germline genetics.  A more enhanced version of the method can 

tally additional information from homozygous tumor calls.  A formal description of the method, 

as well as its evaluation results, are described in Chapter 4 and were published in (Dewal et al. 

2010).   
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 We subsequently used ADT to analyze 178 glioblastoma primary tumor samples obtained 

from The Cancer Genome Atlas (TCGA).  This analysis, in conjunction with expression and 

Gene Ontology term analysis, resulted in hits implicating several proximal genes, including 

EGFR and DOCK4.  This work is described in Chapter 5 and was reported in (LaFramboise et 

al. 2010). 

 In order to perform analysis such as ADT on modern sequencing data, allele-specific 

copy numbers must first be called on such data.  Towards this end, we developed our Hidden 

Markov Model-based method called Haplotype Amplification in Tumor Sequences (HATS), 

which calls the amplified nucleotide alleles within regions of somatic copy number gain that are 

called a priori, for example, by platforms or existing algorithms that call genomic copy number.  

HATS essentially phases haplotypes locally within tumor amplicons using allele-specific read 

counts from test samples in addition to training data, coming in the form of phased germline 

haplotype sequences (obtained in our case from the 1000 Genomes Project).  This local phasing 

translates to potential identification of gene variants (via the constructed haplotypes) within or 

near tumor amplicons, upon which further downstream analysis (e.g. ADT) can be conducted.  

HATS also handles information made available by sequencing, such as rare variants or somatic 

mutations.  The formal description of HATS, as well as its evaluation on simulated and real data, 

is provided in Chapter 6 and is reported in (Dewal et al. 2011). 
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Chapter 2. Genetic Variants in Cancer and Methods for their Detection 

Underlying genetic modifications have been studied for many decades and have been found to be 

either causal or associated with tumor initiation or growth.  This chapter provides an overview of 

the genetic changes that may occur, including examples of their effects on normal cellular 

function.  In addition, this chapter briefly discusses one of the primary goals of cancer research ï 

the prevention and treatment of cancer that is personalized to these genetic changes.  Finally, the 

technologies used to discover such variants, and the large scale initiatives formed to catalogue 

these variants, are discussed.  We begin by reviewing basic concepts of genetics and normal 

cellular proliferation. 

2.1: Basic Concepts of Genetics and Population Genetics 

 The core genetic material of a human cell, deoxyribonucleic acid (DNA), consists of two 

haploid sets, each inherited from a parent and consisting of 23 chromosomes (~3 billion total 

sites of: { A, C, G, T} ). Genes are sub-stretches of DNA that code for proteins, which give rise to 

traits.  Each diploid individual thus possesses two copies of each gene; and at a particular site, or 

base pair position, possesses two nucleotide alleles that comprise the genotype at that site.   

 Changes in DNA, called mutations, alter the nucleotide alleles at individual or multiple 

sites.  These mutations consist of single point mutations (or variations (SNVs)) or structural 

variations: insertions, deletions, inversions, translocations, amplifications, or deletions.  

Germline mutations are those that occur in the sex cells transmitted to offspring, while somatic 

mutations are not transmitted as they occur in body cells.  Mutant genes result when altered sites 

occur within the span of these genes.  In general, germline mutations serve as the source of 

genetic variation upon which evolutionary selection can act.  While some mutations have been 

beneficial or neutral to the survival of the organism, most mutations in human evolution have 
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been harmful and were removed from the species through non-viability of offspring or via 

negative selection (Hartl and Clark 2007).  However, some disease-causing germline mutations 

have remained in the population as individuals were able to reproduce, either due to non-lethality 

or delayed effects of the mutation, or a secondary protective advantage of that mutation, as seen 

for example in the heterozygote advantage of the sickle cell recessive allele in Africans (Hartl 

and Clark 2007).  

 Some variants that cause disease with high probability (high penetrance) are passed from 

parent to offspring within families and tend to occur at very low (rare) frequency in a population.  

When a variant propagates through sufficient individuals in a population, it becomes common, or 

occurring at Ó 0.01 or 0.05 frequency within a population (Hartl and Clark 2007).  For example, 

a single nucleotide polymorphism (SNP) is a single nucleotide variant (SNV) that is common.  

These common variants tend to have reduced to low penetrance, or else they would be regulated 

by negative selection.  Oftentimes, single point variants at multiple sites are passed together in a 

nonrandom fashion.  The nonrandom allelic combination of proximal SNVs (or SNPs) along a 

single genomic copy is called a haplotype and is a useful unit of genomic variation.  The labels 

common and rare are applicable to haplotypes as well. 

 It is thought that a combination of common and rare variants comprise the causal factors 

of complex diseases.  Cancer is a complex disease in which mutations additionally occur at the 

somatic level on top of the inherited germline common or rare variants.  Such mutations play a 

vital role in the disruption of normal cell behavior, leading to tumor initiation and progression. 
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2.2: Basic Concepts of Cancer Biology 

2.2.1: Growth Regulation of Normal Tissue 

 The growth of healthy somatic cells is governed by a complex system of intracellular and 

extracellular signals that may either promote or inhibit cellular proliferation.  The cell cycle 

constitutes the core mechanism of cellular proliferation and is divided into two major phases ï 

mitosis (M) and interphase, consisting of three sub-phases: G1 (cell growth, organelle 

production, protein synthesis), S (DNA duplication), and G2 (cell growth in preparation for 

mitosis) (Griffiths 2002).  Protein complexes, consisting of the subunits cyclin and cyclin-

dependent protein-kinase (CDK), control the progression of cell cycle phases through 

phosphorylating target substrates.  These targets lead to transcription of downstream genes in a 

pathway that activate the subsequent phase.  The CDK-cyclin complexes for a phase are 

generated by related CDK-cyclin complexes in the preceding phase and are activated via 

phosphorylation in pathways originating with intracellular or extracellular signals (e.g. epidermal 

growth factor (EGF) ligand (Cohen and Carpenter 1975; Carpenter and Cohen 1979)) (Griffiths 

2002). 

 Mechanisms exist to suspend proliferation when anomalies occur in order for the cell to 

make corrections.  For example, upon detecting damaged or mismatched replicated DNA, the 

gene TP53 activates gene CDKN1A, which inhibits CDK-cyclin activity and thus proliferation 

until the errors are fixed (Kastan and Kuerbitz 1993).  If cellular or DNA damage is too severe, 

or if the cell type is overabundant, apoptosis (programmed cell death) can be initiated via 

internal signals (e.g. leaked mitochondrial cytochrome c) or external signals (e.g. Fas ligand) to 

cleave the structural and nucleic acid contents of the cell using caspase proteins (Griffiths 2002).  
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The fragmented cell is then consumed by scavenger cells.  Preventing the spread of damaged or 

overabundant cells in this manner maintains the health of the surrounding tissue. 

2.2.2: Growth Deregulation of Tumor Tissue and Causes 

 Within cancer cells, these proliferation checkpoints and apoptosis mechanisms possess a 

reduced effectiveness, are altered, or are even bypassed.  The progenitor cancer cell then 

replicates uncontrollably, forming a neoplasm that grows into a tumor mass.  The tumor siphons 

nutrients from the bloodstream via generating new blood vessels (angiogenesis) (Algire and 

Legallais 1951), depriving healthy cells of vital resources.  It also uses these vessels to spread 

and invade other tissues (metastasis) (Folkman 1992; Folkman and Shing 1992; Hanahan and 

Weinberg 2011).  The tumor cells themselves are often deformed and possess unusual metabolic 

characteristics (Griffiths 2002), such as increased levels of glycolysis (Kroemer and Pouyssegur 

2008). 

 Potential underlying causes of checkpoint dysfunction include genetic variants 

transmitted through the germline as well as those that accumulate somatically due to a 

background mutation rate or external mutagens.  Certain viruses (oncoviruses) are also known to 

induce causal somatic alterations via transduction of genetic material into infected host cells 

(Bittner 1942; Beasley et al. 1981; Seiki et al. 1982; Waterson 1982; Beasley and Hwang 1984; 

Beasley 1988; Scheffner et al. 1990; Chang et al. 1994; zur Hausen 1999; Talbot and Crawford 

2004).  It has been hypothesized that two or more variants, or ñhitsò, must occur within the DNA 

of a cell in order for the cell to become cancerous (Knudson 1971).  These hits induce further 

genetic instability in the progenitor cellôs mitotic clones, resulting in clonal subpopulations 

within the growing neoplasm (intra-tumor heterogeneity); all such hits remain under selective 

pressure for tumor cell survival and competitive expansion.  Tumors are thus viewed as a 
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population of cells undergoing a clonal evolutionary process (Nowell 1976), with mutations or 

hits being the source of variation (Stratton et al. 2009). 

2.2.2.1: Somatic Mutations 

 Most somatic mutations are passenger mutations of neutral effect that occur along with a 

smaller number of causal, driver mutations that are under selective pressure (Stratton et al. 

2009).  These driver mutations may be recurrent within or across cancer types.  The first causal 

somatic driver discovered was the Philadelphia chromosome, a translocation between 

chromosomes 9 and 22 in chronic myeloid leukemia (CML) patients (Nowell 1962; Rowley 

1973), and the first discovered causal somatic point mutation (G > T) occurred in HRAS gene 

codon 12 (Reddy et al. 1982; Tabin et al. 1982).  Since these seminal findings, studies have 

uncovered thousands of somatic mutations within hundreds of recurrent genes across varying 

tumor types using targeted and genome-wide sequencing (Stephens et al. 2004; Greenman et al. 

2007; Ding et al. 2008; Ley et al. 2008; Mardis et al. 2009; Stratton et al. 2009; Bignell et al. 

2010; Kan et al. 2010; Pleasance et al. 2010).  These mutations, which may occur in coding or 

intron regions of genes, range from single base substitutions (silent, missense, nonsense), to 

small or large insertions and deletions, translocations, gene fusions, loss of protein domains, and 

regions of copy number loss (deletion) or gain (amplification) (Griffiths 2002; Tomlins et al. 

2005; Bignell et al. 2007; Campbell et al. 2008b; Stratton et al. 2009; Pleasance et al. 2010; 

Hanahan and Weinberg 2011). 

2.2.2.2: Effects of Mutations on Cancer Genes 

 Mutations that occur in proto-oncogenes convert such genes into oncogenes, with the 

mutation usually being dominant and providing a gain-of-function (Griffiths 2002; Stratton et al. 

2009).  Proto-oncogenes in normal tissue code for proteins involved in controlled proliferation or 
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inhibited apoptosis ï for example, signal transduction proteins, transcriptional regulator proteins, 

and growth factor receptors.  On the other hand, the activity of oncogene protein products is 

unregulated ï and oftentimes decoupled from presence of an activation signal ï thus promoting 

uncontrolled proliferation while potentially interfering with genes and mechanisms that 

implement checkpoints or apoptosis (Griffiths 2002).  EGFR (epidermal growth factor receptor) 

is an important example of a cell surface receptor that, when mutated via loss of a protein 

domain, activates even in the absence of EGF to persistently trigger a proliferation-promoting 

cascade (Griffiths 2002; Herbst 2004).  Another proto-oncogene, the GTPase KRAS, plays a role 

in signal transduction pathways and can lead to cancer growth due to altered signaling when 

mutated (McGrath et al. 1983; Rodenhuis et al. 1988; Ding et al. 2008).  Lastly, these onco-

proteins may be expressed in unintended cell types (Griffiths 2002). 

 In parallel, recessive loss-of-function mutations may occur on both parental copies of 

tumor suppressor genes, deactivating their defensive capabilities that include: suspending the cell 

cycle, promoting DNA repair, and promoting apoptosis (Griffiths 2002; Stratton et al. 2009).  

TP53 is one critical tumor suppressor gene estimated to be widely mutated in tumors (Baker et 

al. 1989; Hollstein et al. 1991; Osborne et al. 1991; Naito et al. 1992; Moles et al. 1993; Kubo et 

al. 1994; Fagin 1995; Hasegawa et al. 1995; Kim and Kim 1995; Pellegata and Ranzani 1996; 

Wang et al. 1997a; May and May 1999; Kahlenberg et al. 2000; Sarasin and Giglia-Mari 2002; 

Caldeira et al. 2004; Campbell et al. 2008a).  Another tumor suppressor, PTEN, loses its abilities 

for arresting cell growth and inducing apoptosis when mutated; this phenomenon occurs in many 

cancers (Li et al. 1997; Steck et al. 1997; Wang et al. 1997b).  Disabling of tumor suppressor 

genes allows unregulated proliferation and debilitated apoptosis, resulting in the cancer cell 

entering a loop of somatic mutation accumulation and genetic instability (Lengauer et al. 1998). 
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2.2.2.3: Somatic Copy Number Aberrations 

 Copy number aberrations (CNAs) ï regions of somatic amplification or deletion ï are a 

hallmark of tumor genomics (Hanahan and Weinberg 2011).  These alterations are thought to 

affect dosage levels of genes contained within their span, with oncogenes usually targeted by 

(and in turn, identified by) amplifications and tumor suppressor genes targeted by (and identified 

by) deletions (Tonon et al. 2005). 

 Recurrently amplified CNA regions (amplicons) have been observed in studies over two 

decades (Kallioniemi et al. 1992; Joos et al. 1995; Cher et al. 1996; Korn et al. 1999; Paris et al. 

2004; Zhao et al. 2005; Sun et al. 2007a; Weir et al. 2007), with an example of a visual depiction 

given in Figure 2.1.  CNAs are thought to occur as a result of several mechanisms, examples of 

which include: sister chromatid fusions following random breakage or telomere depletion 

(breakage-fusion-bridge model) (Toledo et al. 1992; Hellman et al. 2002), uneven sister 

chromatid exchanges (Schwab 1999), or excision of a DNA segment from a chromosome 

followed by circularization and amplification via mutual recombination (Carroll et al. 1988).  

These recurrent amplified regions that occur during tumor development are believed to be 

advantageous to the tumor.  For example, the increased dosage of contained oncogenes may lead 

to overexpression and potential tumor growth.  This was observed with HER2, a cell-membrane 

tyrosine kinase receptor coded from proto-oncogene ERBB2 that is responsible for triggering 

controlled cell growth and differentiation when functioning normally (Coussens et al. 1985).  It 

had been observed to be somatically amplified in ~30% of breast cancers, leading to its 

overexpression and unchecked cell proliferation (Slamon et al. 1987).  Another example includes 

the targeted copy gain of the mutated MET oncogene via trisomy of chromosome 7 in papillary 

renal carcinomas (Zhuang et al. 1998), as well as the amplification of the n-Myc proto-oncogene 
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in ~30% of late stage neuroblastoma cases (Seeger et al. 1985).  An opposite scenario is the loss 

of DNA; deletion of a region containing a protective (tumor suppressor) gene allele, while the 

other allele is either inactivated or risk-conferring, is termed loss of heterozygosity (LOH). 

 

Figure 2.1: Amplified Regions within a Chromosome.  The figure displays an example of amplification status of 

calls across a chromosome as observed in real data.  Recurrent stretches (or regions) of amplification are denoted by 

red lines that span across many of the samples, highlighted by the translucent rectangle.  Non-recurrent (or sample-

specific) amplified regions are represented as stray red stretches.   

2.2.2.4: Germline Point Changes 

 In addition to somatic changes, inherited polymorphisms are clearly related to cancer 

biology and confer risk to tumor development.  Classic examples include the highly penetrant 

mutations in the BRCA1 (Hall et al. 1990; Miki et al. 1994) and BRCA2 (Wooster et al. 1995) 

tumor suppressor genes that lead to familial breast cancer.  Causal hereditary mutations in the 

CDKN2A tumor suppressor gene, which helps regulate the cell cycle via inhibiting CDK4 kinase, 
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have been found in familial melanoma cases (Hussussian et al. 1994; Kamb et al. 1994; 

Lukowsky et al. 2008).   

 More recently, genome-wide association studies (GWAS) have led to the discovery of 

more modestly penetrant common germline SNVs that are associated with human traits 

(McCarthy et al. 2008; Hindorff et al. 2009; Witte 2010), including cancer susceptibility 

(Amundadottir et al. 2006; Freedman et al. 2006; Easton et al. 2007; Gudmundsson et al. 2007; 

Tomlinson et al. 2007; Zanke et al. 2007; Amos et al. 2008; Easton and Eeles 2008; Fletcher et 

al. 2008; Hung et al. 2008; Thorgeirsson et al. 2008; Ahmed et al. 2009; Le Marchand 2009; 

Song et al. 2009; Wu et al. 2009; Chung et al. 2010; Stadler et al. 2010a; Stadler et al. 2010b; 

Turnbull et al. 2010).  As GWASs query hundreds of thousands of SNPs genome-wide without 

knowledge of location or function a priori (Easton and Eeles 2008), hits are expected to occur in 

both known and novel cancer-relevant regions.  Furthermore, hits are unlikely to be causal 

themselves but are rather in linkage disequilibrium (LD) with the causal variants and genes.  For 

example, the top hit in a breast cancer GWAS (Easton et al. 2007) occurred in intron 2 of the 

receptor tyrosine kinase FGFR2 gene, known to be amplified in 5-10% of breast cancer cases 

(Adnane et al. 1991).  The same study also revealed hits in locus 5q near receptor tyrosine kinase 

gene MAP3K1, not previously implicated in cancer, as well as near a potential novel gene 

LOC643714 in 16q.  Similar types of results have been reported by GWASs examining other 

cancers (e.g. colorectal, lung, prostate, ovarian, melanoma); one commonly reported locus is the 

gene-poor 8q24, which upon further examination appears to involve regulatory sequences that 

enhance gene expression, potentially modulated by genetic variation (Jia et al. 2009).   
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2.2.2.5: Germline Copy Number Variations 

 Inherited regions of copy number change Ó 1kb, or copy number variations (CNVs), have 

also been explored for cancer risk.  CNVs typically occur due to non-allelic homologous 

recombination near segmental duplications (Feuk et al. 2006; Sharp et al. 2006).  Large scale 

common CNV regions have been observed in humans (Iafrate et al. 2004; Sebat et al. 2004; 

Redon et al. 2006; Mills et al. 2011) and are increasingly implicated in non-cancerous diseases 

due to gene dosage changes (McCarroll and Altshuler 2007; McCarroll 2008), including 

psychiatric or nervous system disorders (Lee and Lupski 2006; Sebat et al. 2007).  This 

motivates examination of CNVs in other diseases such as cancer.  A recent study uncovered 

enrichment of CNVs in families affected by Li -Fraumeni syndrome (LFS), especially with 

individuals carrying a germline TP53 mutation (Shlien et al. 2008).  Furthermore, 49 cancer-

related genes were found to overlap with CNVs even in the normal cohort.  Rare CNV deletions 

have also been found to confer significant risk to patients with malignant rhabdoid tumors 

(Jackson et al. 2007).  Links between more common CNVs and cancer susceptibility have been 

found in targeted mitochondrial gene studies for familial breast cancer (Frank et al. 2007)  as 

well as in a GWAS for neuroblastoma susceptibility (Diskin et al. 2009).  The latter identified a 

new transcript (NBPF23) within the CNV hit with high sequence identity to other 

neuroblastoma-related genes and expression level highly correlated to its copy number in 

neuroblastoma cells.  These results indicate an associated cancer risk of CNVs and motivate 

larger scale studies to determine potentially affected genes and tumor growth mechanisms 

(Shlien and Malkin 2009). 
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2.3: Personalized Medicine in Cancer Diagnosis and Treatment 

 The ultimate goal of research in disease genetics entails translating the bench research to 

the bedside for the benefit of the patient.  This involves development of preventative, diagnostic, 

and therapeutic procedures for the disease based on the underlying genetics, thus ñpersonalizingò 

medicine towards the genetics of the patient.  Being a disease with inherent genetic components, 

cancer makes a perfect candidate for personalized medicine.   

 The first line of treatment entails preventative measures via screening.  For example, 

patients may be tested for hereditary mutations in the BRCA1 and BRCA2 genes associated with 

familial breast and ovarian cancer (Hall et al. 1990; Miki et al. 1994; Wooster et al. 1995), 

allowing the patient to take preventative steps such as mastectomy or ovary removal.  Pedigree 

analysis, along with genetic marker analysis, may also help estimate risk of developing a disease, 

allowing the patient to make life-style changes that minimize risk.   

 The next line of treatment entails diagnostic measures.  For example, cytogenetic analysis 

may reveal particular mutations strongly associated with particular disease phenotypes.  For 

example, the bcr1-abl Philadelphia chromosome gene fusion exists in over 95% of chronic 

myelogenous leukemia (CML) patients (Nowell 1962; Rowley 1973).  This allows physicians to 

definitively diagnose such a cancer subtype and develop therapeutic strategies.  Another example 

includes the increasing use of copy number alterations (oftentimes somatic) to classify cancers 

by subtype (Neve et al. 2006) and predict response to therapy (Bussey et al. 2006).  In fact, a 

germline CA-repeat polymorphism in EGFR is associated with elevated gene expression and 

tyrosine-kinase inhibitor therapy resistance (Amador et al. 2004). 

 Following this, the third line of treatment entails the development of drugs that target 

particular gene mutants or aberrantly expressed proteins within a subset of patients in order to 



15 

 

 

 

stymie tumor growth.  One classical case involves the drug imatinib, marketed as Gleevec, which 

inhibits phosphorylation capabilities of the tyrosine kinase protein product of the bcr1-abl gene 

fusion in CML patients mentioned above (Druker et al. 1996; Druker and Lydon 2000; Schindler 

et al. 2000; Druker et al. 2001).  Another drug, trastuzumab (Carter et al. 1992; Baselga et al. 

1998), marketed as Herceptin, is a monoclonal antibody that inhibits overexpression of HER2 in 

breast tumors (Slamon et al. 1987). 

 Gefitinib, marketed as Iressa, competitively inhibits the ATP binding site of the tyrosine 

kinase domain of EGFR (Wakeling et al. 2002).  EGFR is overexpressed in 40 ï 80% of multiple 

epithelial cancers, including non-small cell lung (NSCLC), colon, breast, ovarian and brain 

tumors (Moscatello et al. 1995; Lynch et al. 2004; Sordella et al. 2004), excessively triggering 

cell survival mechanisms while ignoring extracellular signaling, leading to unchecked 

proliferation.  Gefitinib was observed to help cause tumor regression in phase II trials in ~19% of 

Japanese NSCLC adenocarcinoma cases (Fukuoka et al. 2003) and ~10% of NSCLC cases of 

European descent (Kris et al. 2003).  Cases sensitive to gefitinib tend to harbor dominant somatic 

mutations, such as in-frame deletions or point mutations, in the ATP binding pocket of EGFR 

(Lynch et al. 2004; Paez et al. 2004; Pao et al. 2004; Sordella et al. 2004).  Such mutations have 

been observed in Japanese individuals, women, and non-smokers with adenocarcinoma, with 

gefitinib response per individual correlated to aggregation of these factors in an individual (Paez 

et al. 2004).  Gefitinib response has also been favorable with Chinese individuals, potentially due 

to close ancestry (Zhang et al. 2005), as well as non-smokers or individuals with adenocarcinoma 

with bronchioloalveolar features (Miller et al. 2004); these results are compatible with the 

mutational findings and highlight the highly personalized nature of the drug.  Lastly, gefitinib is 
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thought to target all members of the HER family, not just EGFR; gefitinib response has been 

correlated with triple expression of EGFR, HER2, and HER3 (or HER4) (Nishio et al. 2006). 

 Despite their successes, the preventative screens and drugs described above are effective 

only for a percentage of cancer cases.  The remaining cases have either developed drug 

resistance (Giaccone 2005; Kobayashi et al. 2005; Pao et al. 2005; Shih et al. 2005; Milojkovic 

and Apperley 2009; Giaccone and Wang 2011) or are caused by variants not targeted by the 

drugs or screens in the first place.  Nevertheless, these measures demonstrate the utility of 

medicine personalized by genetics, further motivating the need to uncover additional causal 

variants, which may in turn be targeted by newer screens or drugs developed in the coming 

decades.  Identification and screening of causal variants depends on the technological platforms 

used to analyze genetic samples.  With the reducing costs of genotyping and sequencing 

technologies, the hope is that more variants will be uncovered and that deep screening will 

become routine in medical practice, helping towards maximizing the potential of personalized 

medicine. 

2.4: Whole Genome Technologies and Methods for Variant Detection 

 In this section, we briefly discuss details on the technologies and corresponding methods 

that uncover genetic variation, such as genotype or copy number information, on a genome-wide 

scale.  The first two are microarray-based, while the third discusses modern day sequencing. 

2.4.1: Microarray -based: SNP Arrays 

 A single nucleotide polymorphism (SNP) is a single nucleotide variant (SNV) that is 

common, or occurs at Ó 0.01 or 0.05 frequency within a population.  Typically, only two 

nucleotide alleles possess such frequencies at each SNP site according to the infinite-sites model 
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(Kimura 1969) and are thus denoted as x Í { 0, 1}.  The 0 allele is usually considered the human 

reference allele at a site. 

 A SNP array is a form of DNA microarray used to detect such common variants.  

Depending on the commercial platform, the array may interrogate a range of sites genome-wide, 

numbering from as low as 10K to as high as 1M SNPs (Kennedy et al. 2003; Matsuzaki et al. 

2004; Steemers and Gunderson 2007).  Each site is queried by a probe set, which consists of a 

quartet of redundant probes corresponding to perfect-matching (PM) and mismatching (MM) for 

both alleles, respectively: {PM0, PM1, MM0, MM1}.  Each probe is a 25-mer oligonucleotide that 

is designed to hybridize with a target DNA fragment.  PMx probes possess the nucleotide 

complement to x at the central base position.  MMx probes serve as a control to PMx probes by 

indicating background binding affinity; they are identical to PMx probes except that the central 

base is not the nucleotide complement of x.  The remaining 24 nucleotides in the probe are the 

(typically monomorphic) flanking sites.  Hybridization with target DNA results in probe 

intensity levels, which can be normalized and analyzed by various algorithms to call the 

genotype at the site: { 00, 01, 11}.  

 Early such algorithms were designed to call genotypes in copy neutral SNP array data 

(Kennedy et al. 2003; Liu et al. 2003; Rabbee and Speed 2006).  With tumor samples as a 

potential target, methods were later developed to call total copy number (including loss of 

heterozygosity (LOH)) using these intensities (Bignell et al. 2004; Huang et al. 2004a; Zhao et 

al. 2004; Ishikawa et al. 2005; Nannya et al. 2005; Zhao et al. 2005; Komura et al. 2006).  Lastly, 

methods were developed to call allele-specific copy number (ASCN) along with LOH 

(LaFramboise et al. 2005; Laframboise et al. 2007; Korn et al. 2008).   
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 One such ASCN calling algorithm, PLASQ, uses a log-linear regression model to 

estimate copy number of each x on Affymetrix 500K arrays, using an independent set of control 

samples (e.g. HapMap) as training data (Laframboise et al. 2007).  This training data prevents 

the need for matched normal samples, which oftentimes are not available.  Another method is 

Birdsuite, designed for the Affymetrix 6.0 platform, which leverages both SNP and proximal 

copy number probes to call ASCN values (Korn et al. 2008).  A method measuring the 1-allele 

(or B-allele) frequency differences between tumor and matched normal samples allows for 

ASCN calling in Illumina 550K tumor data (LaFramboise et al. 2010).   

 However, analyzing tumor data on SNP arrays exposes limitations.  Probes for 

genotyping were typically selected for sites that did not reside in CNV regions, as such regions 

potentially confound genotyping and present quality control issues.  In a similar vein, calling 

genotypes in amplified tumor regions may be problematic.  In fact, we observed multiple 

methods producing incorrect genotype calls (and thus ASCN calls) in such regions (data not 

shown).  Another limitation is that SNP arrays capture common variants, which are usually not 

causal in isolation but are rather in linkage disequilibrium (LD) with a causal variant not typed 

on the array.  Lastly, SNP arrays cannot capture genomic rearrangements (e.g. inversions, 

translocations) that are known to occur in cancer. 

2.4.2: Microarray -based: Array CGH 

 Tumor DNA is characterized as possessing regions of copy number gain or loss.  

Comparative genomic hybridization (CGH) is a fluorescence-based technique by which such 

changes can be observed on a large scale, sometimes spanning the arm of a chromosome.  

However, resolution is very limited ï only amplicons of at least 1Mb in length and deletions of at 

least 5Mb in length can be detected.   
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 Array CGH is a version of CGH that is based on a microarray, offering a much increased 

resolution (Solinas-Toldo et al. 1997).  DNA fragments from a test sample and reference (e.g. 

tumor and matched normal) are labeled with two different dyes and are hybridized to an 

oligonucleotide array.  When comparing the resulting intensities, peaks or troughs for the test 

sample may indicate copy gain or loss for those regions, respectively.  To guard against artifacts, 

the experiment is repeated with the dyes swapped; troughs and peaks for the reference support 

gain or loss in the test sample regions, respectively (see Figure 2 in (Feuk et al. 2006)). 

 A limitation of both traditional and array-CGH is the inability to detect rearrangements 

that preserve copy number, such as reciprocal translocations or inversions.  Furthermore, array-

CGH has difficulty detecting short CNVs Ò 35kb and small insertions and deletions Ò 35kb 

(Feuk et al. 2006). 

2.4.3: Next Generation Sequencing 

 While genome-wide association studies have revealed common SNPs respectively 

associated with a range of complex diseases (Hardy and Singleton 2009; Hindorff et al. 2009), 

these SNPs explain only a fraction of disease cases due to low to moderate penetrance, resulting 

in the controversial notion of missing heritability (McCarthy and Hirschhorn 2008; Manolio et 

al. 2009).  Missing heritability represents the gap that exists between the fraction of phenotypic 

traits explained by discovered variants and the fraction of phenotypic traits estimated to be 

caused by genetic factors (Manolio et al. 2009).   

 It is thought that unearthing moderate to highly penetrant rare variants may help reduce 

this gap (Pritchard 2001).  Sequencing allows for typing such variants due to its nucleotide level 

of resolution.  However, traditional methods (even accelerated ones developed for the Human 

Genome Project (HGP)) are time and cost prohibitive for individual laboratories, especially for 
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large experiments.  Next-generation (next-gen) sequencing was thus borne out of practical needs 

of time and cost; it largely accomplished this by leveraging the reference sequence constructed 

by the HGP. 

 Next-gen sequencing of genomes is massively parallel.  The subjectôs DNA is first 

sheared, after which the laboratory-amplified fragments are sequenced, producing short reads 

that are several dozen bases long (Ronaghi et al. 1996; Gharizadeh et al. 2002; Bentley et al. 

2008; McKernan et al. 2009).  Reads are aligned to the human reference genome (Bentley et al. 

2008; Li et al. 2008a; Li et al. 2008b; Alkan et al. 2009; Langmead et al. 2009; Li and Durbin 

2009; McKernan et al. 2009).  Since reads at a site are assumed to sample each of its two original 

copies (or more in the case of somatically amplified tumors), multiple independent reads can be 

observed to cover each haploid copy of a site in a manner following the Poisson distribution with 

genome-wide expectation ȿ (as determined by the laboratory amplification step).   

 In addition to revealing rare variants at single sites, next-gen sequencing can also reveal 

structural variants (SVs), which are also known to be associated with disease and might explain 

some of the missing heritability (McCarroll and Altshuler 2007).  Multiple computational 

approaches for detecting structural variants and copy number changes within sequencing data 

have been developed (Dalca and Brudno 2010).  One such class of methods utilizes paired-end 

sequence information for detection of germline insertions, deletions, and inversions (via 

observing significant deviations from expected mate pair distance or orientation) (Tuzun et al. 

2005; Korbel et al. 2007; Bentley et al. 2008; Chen et al. 2009; Hormozdiari et al. 2009; Lee et 

al. 2009; McKernan et al. 2009).  Another such class examines depth of reads to infer germline 

copy number variants (CNVs) (Xie and Tammi 2009; Yoon et al. 2009).  A third class combines 

read depth with mate pairs for CNV calling (Medvedev et al. 2010).   
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 Such detection of structural variants is very relevant to and can be adapted towards 

cancer data (Campbell et al. 2008b).  Recently, the read depth paradigm above was applied to 

tumor and matched normal tissues to detect copy number and breakpoints of CNAs in tumors 

(Chiang et al. 2009).  In addition to SVs, next-gen sequencing can also reveal somatic mutations 

that may drive tumors (Mardis et al. 2009).   

 With the ability to detect rare variants, somatic mutations, and SVs, next generation 

sequencing is clearly a strong step in a promising direction towards characterizing genomes, both 

healthy and disease-affected.  As such, large-scale initiatives (described below) have been 

formed to streamline data generation and dissemination in order to accelerate research.  We aim 

to utilize this next-gen tumor data to integrate the genotype and copy number information it can 

offer, allowing us to explore selection of amplified alleles. 

2.5: Large Scale Data Initiatives 

 During recent years, major consortiums have aggregated to produce large datasets 

processed on SNP arrays or next-generation sequencing platforms.  The goal is to provide 

potentially unpublished data to the community at large early via streamlining data generating 

workflows at particular genome centers.  These workflows would either be too impractical or 

redundant to carry out across myriad smaller labs.  With publication rights secured for low-level 

data analysis, as indicated by the Wellcome Trust 2003 meeting in Ft. Lauderdale 

(WellcomeTrust 2003), the consortiums release data to the community in order to conduct 

creative or deeper levels of analysis.  Several of these consortiums are described in brief below. 
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2.5.1: Tumor Sequencing Project (TSP) 

 The TSP is a collaborative effort between various genome and cancer centers
1
 to expedite 

the study of lung adenocarcinoma.  It involves the sequencing of ~1,000 genes thought to play a 

role in this cancer type across hundreds of individuals.  Thus far, the effort has identified 

recurrent copy number aberrations as well as a novel proto-oncogene NKX2-1 via analyzing 371 

samples using SNP arrays (Weir et al. 2007).  It has also identified over 1,000 somatic mutations 

in 623 targeted genes that were re-sequenced in 188 samples, revealing 26 genes mutated with 

significantly high frequency (Ding et al. 2008).  Such genes include tyrosine kinases (e.g. 

ERBB4), vascular endothelial growth factor receptors, and ephrin receptors.  Mutations were also 

found in tumor suppressor genes that played roles in other cancer types (Ding et al. 2008). 

2.5.2: The Cancer Genome Atlas (TCGA) 

 The TCGA is a national level effort jointly funded by the National Cancer Institute (NCI) 

and National Human Genome Research Institute (NHGRI) that aims to create an ñatlasò of 

genomic changes and characteristics over a range of cancer types (Collins and Barker 2007).  

This is implemented via the networking and pooling of efforts over several genome 

characterization, genome sequencing, and data centers across public and private labs and 

universities to create an infrastructure for data generation and dissemination.  The consortium 

aims to generate a variety of data types for each cancer type, including sequence (some whole 

genome but mostly whole exome), SNP, copy number aberration, methylation, and expression 

information per sample.  Thus far, the consortium has performed integrative analysis of DNA 

copy  number, gene expression, and DNA methylation as part of the pilot project involving 206 

                                                 
1
 Participating centers: Baylor College of Medicine (Human Genome Sequencing Center), M.D. Anderson Cancer 

Center, Memorial Sloan-Kettering Cancer Center, University of Michigan Medical Center, Washington University 

School of Medicine, Dana-Farber Cancer Institute, and Broad Institute of Harvard and MIT 
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glioblastoma multiforme (GBM) samples (Network 2008), helping to reveal more information on 

GBM oncogenes (e.g. ERBB2), tumor suppressor genes (e.g. TP53, NF1), as well as links 

between increased mutation with methylation of DNA repair genes (MGMT).  Recently, the 

consortium has reported analysis of somatic mutations, copy number, expression, methylation, 

and pathway alterations of 489 ovarian carcinoma samples (Network 2011).  In addition, many 

smaller labs have published findings upon analysis of TCGA data (open and controlled-access). 

2.5.3: 1000 Genomes Project (1000GP) 

 The 1000 Genomes Project is an international effort aimed at extensively cataloguing low 

frequency (1%) or rare variation in 2,500 individuals from 25 populations (including HapMap 

populations) around the world using next-generation sequencing platforms.  With a vision of 

serving as a comprehensive resource for human genetic variation, the catalogued variants consist 

of SNPs and structural variants, along with their background haplotypes.  Sequencing was 

performed at 4X due to cost constraints, but the expectation is that variants with even 1% 

frequency can be imputed by combining the sequence data of the 2,500 individuals.  The 

motivation for such cataloguing is to support genome-wide association studies via enabling 

imputation of millions of untyped variants in the study cohorts; the caveat, however, is that no 

phenotypic data was recorded for the 1000 Genome samples.  Analysis of their pilot data reveals 

250 to 300 variants in annotated genes per individual that lead to loss-of-function, in addition to 

50 to 100 variants that had been associated to inherited disorders (Durbin et al. 2010).  Trio data 

analysis revealed a de novo germline single point mutation rate of 10
-8

 per base per generation 

(Durbin et al. 2010), and reduced genetic variation within and near genes provided insight into 

natural selection on those genes.  Their copy number analysis revealed 22,025 deletions and 
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6,000 other structural variants, including insertions and tandem duplications, for 185 samples 

(Mills et al. 2011); this enabled building of a map of structural variant hotspots. 
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Chapter 3. Hypothesis 

The four variant classes described earlier (somatic and germline point and copy number changes) 

have traditionally been studied independently, with many particular variants being discovered as 

described earlier.  However, they explain only a fraction of cancer cases.  One possible reason 

includes power limitations related to independent examination.  For example, studies exploring 

associations between germline single point variants and disease require large cohort sizes (often 

in the thousands) and are vulnerable to population stratification effects (Klein 2007); adjusting 

for stratification may reduce the cohort sizes.  Another reason may lie in properties of a variant 

class itself.  For example, while somatic amplifications are a cancer hallmark, their wide span 

and potential inclusion of several genes makes it difficult to pinpoint the particular contained 

gene variants or markers that are selected by the tumor.  We therefore wish to explore whether 

integrated examination of classes can overcome these limitations and reveal additional markers ï 

which may not appear otherwise ï that implicate cancer-related genes. 

 As the somatic genome is a descendent of the germline genome, exploring the 

relationships between these distinct, but related, genomes is relevant and compatible with the 

two-hit hypothesis (Knudson 1971).  Targeted regions have been examined towards this end.  

Preferential allelic amplification at candidate risk loci had been demonstrated in several mouse 

studies (Nagase et al. 2003; de Koning et al. 2007).  Several studies had found the AURKA gene, 

responsible for coding a kinase involved in mitosis and meiosis, to be preferentially amplified in 

human colorectal cancers when containing a low penetrance (T > A) germline variant (Ewart-

Toland et al. 2003; Hienonen et al. 2006).  Additionally, a germline risk allele for colorectal 

cancer was demonstrated to be preferentially amplified (relative to the wild type allele) in tumors 

that were heterozygous for this single nucleotide polymorphism (SNP) (Tuupanen et al. 2008).  
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Another group identified a link between germline variation in gene MCR1 and somatic mutations 

in BRAF in Caucasian melanoma cases (Landi et al. 2006).  More recently, a somatically 

acquired mutation in JAK2 for myeloproliferative disorders was shown to arise preferentially on 

a particular haplotypic background (Jones et al. 2009; Kilpivaara et al. 2009; Olcaydu et al. 

2009).  Links have even been found in healthy individuals; for example, an inherited CA-

polymorphism was found to affect de novo somatic translocations (Kato et al. 2006).  These 

targeted studies of specific loci provide compelling evidence for the relationships between the 

germline and somatic genomes. Lastly, the MET example earlier indicated a link between a 

somatic point mutation and CNAs.  Integrated examination between variant classes may thus 

help localize and further implicate a marker or gene to be causal or associated with a disease due 

to selective forces in favor of the disease, and serves as the paradigm behind our work.  

 As the positive selection for somatic amplifications and germline variants has been 

observed in the cancer literature (as well as for intersection between classes), it is natural to ask: 

At certain genomic sites, are particular germline nucleotide alleles selected for somatic 

amplification (due to some advantage they may confer during tumor evolution)?  From a 

technical angle, can we reliably detect such selected alleles and sites via a genome-wide scan?  

We developed a method to approach these questions via adopting statistical genetics techniques, 

and we formally describe its mathematics and power evaluation in Chapter 4.  We then report 

its application and resulting hits on 178 glioblastoma samples in Chapter 5.  In order to enable 

this method to be applied on tumors sequenced on next-generation platforms, we first needed to 

call the copy numbers of each nucleotide allele (allele-specific copy numbers) on data from such 

platforms.  The resulting method developed to address this is described in Chapter 6. 
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Chapter 4. Power to Detect Amplification Distortion in Genome-wide Scans 

of Tumor Data 

Somatic amplification of particular genomic regions and selection of cellular lineages with such 

amplifications drives tumor development.  However, pinpointing genes under such selection has 

been difficult due to the large span of these regions.  Our method, the Amplification Distortion 

Test (ADT), identifies specific nucleotide alleles and haplotypes that confer better survival for 

tumor cells when somatically amplified.  In this chapter, we focus on evaluating ADTôs power to 

detect such causal variants across a variety of tumor dataset scenarios. Towards this end, we 

generated multiple parameter-based, synthetic datasets ï derived from real data ï that contain 

somatic copy number aberrations (CNAs) of various lengths and frequencies over germline 

single nucleotide polymorphisms (SNPs) genome-wide.  Gold-standard causal sub-regions were 

assigned within these CNAs, followed by an assessment of ADTôs ability to detect these sub-

regions.  Results indicate that ADT possesses high sensitivity and specificity in large sample 

sizes across most parameter cases, including those that more closely reflect existing SNP and 

CNA cancer data.   

 ADT is implemented in the Java software HADiT and can be downloaded through the 

SVN Repository (via DevelopĄ CodeĄSVN Browse) at: http://sourceforge.net/projects/hadit/ 

4.1: Introduction 

According to the commonly accepted Two-Hit Hypothesis, at least two genetic variants, or 

ñhitsò, are required for cells to become cancerous (Knudson 1971).  We adopt this concept to 

focus on integrating single point variation that can be transmitted through the germline with copy 

number changes occurring somatically.  We present a method to localize specific variants that 

are selected for by the disease. 

http://sourceforge.net/projects/hadit/
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 This integration is motivated by the limitations of examining each variant type 

independently.  Highly penetrant, hereditary germline point mutations (e.g. BRCA1 and BRCA2 

mutations) are typically limited to families and explain only a fraction of cases.  In addition, 

common SNPs identified by genome-wide association studies (GWAS) are of low to moderate 

penetrance and still explain only a fraction of cases.  The small effects of these disease markers 

necessitate large sample sizes ï often in the thousands ï to generate sufficient power.  

Furthermore, population stratification within a cohort may either corrupt results or, if taken into 

account, reduce the effective sample size.  Lastly, SNPs alone are unlikely to adequately explain 

the complexity of cancer, a disease with an inherent somatic component.  Somatic copy number 

aberrations (CNAs), a hallmark of tumor genomics, have been observed to occur recurrently over 

multiple tumors.  However, the span of these CNA regions may be very large (1 Mb or more), 

making it difficult to pinpoint specific genes within their boundaries (Solinas-Toldo et al. 1997; 

Bentz et al. 1998). 

 We discuss our method for examining germline SNPs within somatically amplified CNA 

stretches (Figure 4.1) to help target particular locations, putative disease genes, within these 

lengthy regions.  The typing of both of these types of variants can be obtained from SNP array 

platforms using algorithms for genotype calling and copy number inference (Nannya et al. 2005; 

Komura et al. 2006; Laframboise et al. 2007; Korn et al. 2008).  At a high level, our approach ï 

called the Amplification Distortion Test (ADT) ï utilizes SNP and CNA information to perform 

a genome-wide scan for SNP alleles and haplotypes that are selected for somatic amplification 

across tumor samples.  Hits that pass genome-wide significance thresholds can eventually 

undergo fine mapping, which will reveal existing and novel oncogenes.  A basic flavor of this 

method uses only information from heterozygote tumor calls, in a manner analogous to the 
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Transmission Disequilibrium Test (TDT) in germline genetics. We further present and discuss 

variants of our method that tally additional information from homozygous tumor calls. 

 This chapter provides a formal description of ADT, generalizes the method to haplotypes, 

and focuses on assessing the methodôs power to detect such causal variants.  This is done via 

analyzing ADTôs performance across a variety of synthetic datasets that represent hypothetical 

tumor data.  Results emphasize the dependence of sensitivity of ADT on practical parameters; 

and confirm this test to be powerful for large sample sizes. 

 The remainder of this chapter is partitioned as follows.  Section 4.2 delineates the ADT 

method itself, significance testing, and algorithmic optimizations.  Section 4.3 describes the 

evaluation of ADTôs power, and Section 4.4 summarizes our work and discusses future avenues. 

 

Figure 4.1: Amplified Regions within a Chromosome with a Driver SNP.  The figure displays an example of 

amplification status of calls across a chromosome as observed in real data.  Recurrent stretches (or regions) of 

amplification are denoted by red lines that span across many of the samples, highlighted by the translucent rectangle, 

with the purple-colored driver SNP located at the midpoint.  Non-recurrent (or sample-specific) amplified regions 
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are represented as stray red stretches.  During the evaluation experiments that simulate such data, four parameters 

are defined and tested: 1) the mean length of recurrently amplified regions in base pairs, 2) the number of 

recurrently amplified regions across the genome, 3) the mean length of non-recurrently (or sample specific) 

amplified regions in base pairs, and 4) the number of non-recurrently (or sample specific) amplified regions per 

sample. 

4.2: Methods 

Amplification distortion builds on allele calls from all copies of a locus within a region of 

somatic amplification.  While two of these calls make up the original germline genotype, 

additional calls indicate a copy-gain aberration and specify the amplified allele.  We hypothesize 

that, on occasion, amplification of a particular allele may be causing tumor development and 

therefore will be selected over the other allele across many tumor samples.  This selection 

implies that by ascertaining cases with tumors that had been subjected to selective pressure, we 

should expect to find such samples with this allele amplified and referred over its alternative 

allele more often than the converse.  It is in heterozygote samples that such competition between 

alleles will be most directly observable, allowing determination of imbalanced amplification in 

ascertained tumors. Homozygote samples offer complementary information towards this end, as 

described later.  This persistent selective imbalance has been reported in targeted somatic regions 

in mouse and human tumor DNA (Ewart-Toland et al. 2003; Nagase et al. 2003; Ewart-Toland 

and Balmain 2004). 

 Towards quantifying this distortion, we were inspired by the Transmission 

Disequilibrium Test (TDT), formulated to perform association analysis on genetic germline data 

across parentïoffspring duos (Spielman et al. 1993).  TDT builds on Mendelôs First Law ï 

transmission of either allele at a marker from a heterozygous parent to an offspring with equal 

probability.  TDT posits that this equality holds for affected offspring over many duos, a null 
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hypothesis that is violated when a particular allele at the marker is associated with the disease 

trait.  TDT therefore measures imbalance from 0.5/0.5 transmission across duos via the binomial 

test.  Exclusive examination of transmission within families makes TDT immune to population 

stratification effects. 

 We use this idea of a distorted passing down of an allele to formulate our method, the 

Amplification Distortion Test (ADT), to analyze tumor data for selective imbalance of allelic 

amplification.  The null hypothesis states that during tumor formation across samples, either 

allele at a heterozygous marker is amplified with equal chance, and this amplified allele is 

clonally passed down along with the original germline allele pair to future somatic generations.  

Thus, according to this hypothesis, the amplified allele in a heterozygous tumor may be any of 

the two germline alleles with equal probability. The alternative hypothesis proposes that one of 

the alleles instead is amplified with significantly greater chance (distortion), and amplification of 

this particular allele has passed down the lineage (along with the original germline allele pair) 

because it confers selective advantage to the progression of the tumor (see Figure 4.2).  ADT 

calculates distortion using a binomial test on amplified instances of an allele as well as on 

amplified instances of haplotypes, as described in detail below.  The focus on somatic tumor 

tissue within an individual ï namely the clonal transmission of allelic amplification down a 

cellular lineage during the tumorôs growth ï grants the binomial test within ADT the benefit of 

being robust against population stratification.  This allows identification of selected alleles across 

individuals of varying ethnic background.   



32 

 

 

 

 

Figure 4.2: Biological rationale for selected allelic amplification in the tumor. (A) The individual inherits an 

oncogenic variant from the maternal chromosome M (top). This variant is not directly typed, but is captured via 

linkage disequilibrium by surrounding array SNPs (labeled with nucleotide residue). The paternal chromosome P 

harbors the wild-type allele. In the tumor environment (bottom panel), the oncogenic allele is activated via 

amplification, which confers a selective growth advantage to the cell. The amplified haplotype is detected from the 

SNP array data, and its preferentially amplified state is revealed through analysis of data from hundreds of patients. 

(B) In SNP array data (from N = 100 patients, for example), the underlying biological phenomenon will manifest 

itself in an abundance of amplicons harboring alleles that tag the inherited variant that provides a selective 

advantage when amplified. The ADT tests for over-transmission of a particular allele from heterozygous ñparentò 
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cells to the ñaffectedò (amplified) homolog in the tumor cell and examines deviations from the null hypothesis of a 

1Ḋ1 transmission ratio. 

 As selection of a particular allele implies advantage of that allele towards tumor growth, 

it may be informative to analyze homozygous calls at a marker across samples as well.  

Comparing the ratio of amplified and non-amplified instances of homozygous genotypes may 

lend support towards selective amplification of an allele.  This will be addressed following the 

focus on heterozygote analysis. 

 The formal definition of ADT is as follows.  The input comprises of SNP and CNA call 

data for m markers and n tumor samples as two m × n matrices: D
0
 and D

1
, where the former 

matrix contains copy number information for the SNP Array designated A allele and the latter 

matrix for the B allele.  For example, the call for a copy-neutral heterozygous sample j at SNP i 

would be represented by D
0
[i, j] = 1, D

1
[i, j] = 1, with 0 Ò i < m and 0 Ò j < n.  However, a 

heterozygous sample j with an extra copy (amplification) of the A allele would be represented as: 

D
0
[i, j] = 2, D

1
[i, j] = 1.  These matrices can be referenced by D

x
, where allele x Í { 0, 1}.  

 We first define an m × n matrix Z, which indicates the number of distinct alleles 

somatically amplified at a call: 

Z[i, j] = 0 if D
0
[i, j] + D

1
[i, j] Ò 2 

 = 1 if D
0
[i, j] + D

1
[i, j] > 2 and min(D

x
[i, j]) < 2 

 = 2 otherwise 

Zero values of Z represent copy-neutral or copy-loss regions.  Those calls containing 

amplification of one allele, indicated by Z = 1, are of interest to us.  Amplification of both 

homologous chromosomes, indicated by Z = 2, is a rare event (LaFramboise et al. 2005) that we 
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discount. 

 We next define an m × n matrix G that contains the germline genotype information for 

the calls.  We limit ourselves to diploid, autosomal loci due to our dependence on heterozygous 

calls.  In addition, we only consider calls that are copy neutral at the germ line level.  Such 

information can be obtained via calls on matched normal samples or through previously 

published copy number variation regions available online, such as the Database of Genomic 

Variants (Iafrate et al. 2004). 

G[i, j] = 00 if D
0
[i, j] Ó 2 and D

1
[i, j] = 0 

 = 11 if D
1
[i, j] Ó 2 and D

0
[i, j] = 0 

 = 01 if D
0
[i, j] Ó 1 and D

1
[i, j] Ó 1 

 = Å otherwise 

We also define an m × n matrix A over {0, 1, Å} that registers the identity of the amplified 

alleles: 

A[ i, j] = 0 if Z[ i, j] = 1 and D
0
[i, j] > D

1
[i, j] 

 = 1 if Z[ i, j] = 1 and D
1
[i, j] > D

0
[i, j] 

 = Å otherwise 

Note that amplification of both homologous chromosomes is very rare and is discounted as Å. 

4.2.1: Distortions at Individual SNPs 

We first proceed with identifying the single SNPs within the A matrix at particular positions; we 

will explore haplotypes later.  We define an m × 2 matrix C = [ci,x], which stores the number of 

amplified instances of allele x participating strictly in heterozygous calls at a SNP i.   
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 ci,x = | { j | (A[i, j] = x and G[i, j] = 01) } |      (1) 

In other words, for single SNP analysis, an amplified instance of x equates to a heterozygous call 

that contains amplification of x exclusively.  Thus, ñamplified instances of xò, or ci,x, signifies the 

number of heterozygous calls across samples at a SNP i possessing amplification strictly for x.  

For each allele x, we define the complement operator x  such that0 = 1 and1 = 0.  We also 

define a vector h = (h(0), é, h(m ï 1)) of size m, which stores the total number of amplified 

instances of x and x  at a SNP i: 

 h(i) = ci,0 + ci,1          (2) 

We can now define our hypotheses mathematically.  Let X
i
0, X

i
1, é, X

i
h(i)-1 be random indicator 

variables corresponding to the heterozygous, amplified samples at SNP i, specifying which allele 

would be amplified. X
i
j are therefore independent, identically distributed Bernoulli variables. 

The random variable of their sum S
i
1 = SX

i
 should match ci,1.  Symmetrically, we define the 

random variable S
i
0 = h(i) ï S

i
1 , observed to match ci,0.

 

 The null hypothesis states that neither allele at i is selected for amplification over the 

other across many samples.  Formally, we hypothesize that: 

 H0: S
i
x ~ Binomial(h(i), 0.5)        (3) 

We set a significance threshold a according to the binomial distribution, reporting ci,x as 

significant if:  

 Pr(S
i
x Ó ci,x)  Ò  a         (4) 

Traditionally a is 0.05; however, we assign a genome-wide significance threshold to a to 

address multiple hypotheses, as described later in the Significance Testing subsection.   

 Significance of x and x  is clearly mutually exclusive.  To test the hypotheses, we utilize 
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the binomial test to calculate the probability of observing at least the number of amplified 

instances of x.  In our case, the binomial test assumes 0.5 for its probability of success, which is 

appropriate under the null hypothesis: 

 p-valuei(x) = Pr(S
i
x Ó ci,x) =
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Each p-valuei(x) is then converted to a logarithm-of-odds (LOD) score via performing: ïlog10(p-

valuei(x)).  The LOD score is a direct quantification of amplification distortion for an allele at a 

SNP. 

4.2.2: Haplotype Distortions 

As amplicons span long regions of the genome, SNPs neighboring a distorted SNP are amplified 

as well.  Linkage disequilibrium would thus produce amplified haplotypes.  ADT can be 

generalized to detect those haplotypes selected for amplification. 

 It is first necessary to define an m × n matrix U over {0, 1, Å} that registers the identity 

of the unamplified (non-amplified) alleles that correspond to the amplified alleles present in the 

A matrix via residing on the respective homologous chromosomes: 

U[i, j] = 0 if (A[ i, j] = 1 and G[i, j] = 01) or (A[i, j] = 0 and G[i, j] = 00) 

 = 1  if (A[ i, j] = 0 and G[i, j] = 01) or (A[i, j] = 1 and G[i, j] = 11) 

 = Å   otherwise 

Note that we have used amplification status to implicitly phase the data into the A and U 

matrices, and as such, ADT does not require the input data to be previously phased.  Somatic 

amplification is a rare event that typically occurs along only one of the two homologous 

chromosomes; as such, amplified calls are likely to lie along the same chromosome and thus 



37 

 

 

 

comprise an amplified haplotype instance.  The corresponding non-amplified haplotype instance 

is the haplotype formed from non-amplified calls residing on the other homologous 

chromosome.  ADT quantifies distortion for a particular haplotype by comparing the number of 

amplified instances to the sum total of amplified instances and corresponding non-amplified 

instances of that haplotype across samples.  Justification for such a comparison will be covered 

shortly.  Note that since we discount calls that possess no amplification or calls with both alleles 

amplified, we avoid ambiguity in assigning phase.   

 In addition, note that the definition of U allows for homozygous calls.  In the single SNP 

case, we considered exclusively amplified heterozygous calls.  Heterozygosity at the haplotype 

level for a sample, however, requires only one heterozygous call at minimum to exist in the 

spans of the homologous haplotype pair; this allows for homozygous calls to be included in 

haplotypes.  Haplotypes consisting of exclusively homozygous calls result in no distortion, as 

there will be an equal number of amplified and corresponding non-amplified instances of each 

haplotype across samples. 

 We now proceed with details of ADTôs haplotype distortion detection: 

 Let w = window size, or haplotype length, where (1 Ò w Ò m).  For single SNP analysis 

again, w = 1.  This variable is user-defined and is used consistently across the genome in an 

overlapping sliding window fashion. 

 Let i = index of a marker, where (0 Ò i < m - w + 1)  

 A
w
[i, j] = the amplified haplotype string from matrix A starting at index i for a sample j 

with window size w, such that it is the concatenation of characters (A[i, j], A[ i + 1, j], é, A[i + 

w - 1, j]) 

 A i
w
 = the set of unique strings from all A

w
[i, j] (0 Ò j < n), excluding those A

w
[i, j] strings 
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that contain Å characters.  

 U
w
[i, j] = the corresponding non-amplified haplotype string from matrix U starting at 

index i for a sample j with window size w, such that it is the concatenation of characters (U[i, j], 

U[i + 1, j], é, U[i + w - 1, j]) 

 Ui
w
 = the set of unique strings from all U

w
[i, j] (0 Ò j < n), excluding those U

w
[i, j] strings 

that contain Å characters. 

 ALL i
w
 = the set of unique strings from (Ai

w
 Ç Ui

w
).  Set elements can be accessed using 

index k (0 Ò k < |ALL i
w
|) 

 Now we have a set of unique haplotype strings per genome position and window size.  

For haplotypes starting at SNP i with length w, we define vectors C
A
 = [ck

A
], C

U
 = [ck

U
], and 

C
Total

 = [ck
Total

], each of size |ALLi
w
|.  These vectors store the respective amplified, corresponding 

non-amplified, and sum total counts of the unique haplotype strings: 

ck
A
 = | {j | A

w
[i, j] = ALL i

w
[k]} |  (6) 

ck
U
 = | {j | U

w
[i, j] = ALL i

w
[k]} |  (7) 

ck
Total

 = ck
A
 + ck

U
 (8) 

It was mentioned above that ADT calculates distortion by comparing ck
A
 with ck

Total
; the 

rationale for this is provided here.  In the single SNP case, we compared the amplified counts of 

allele x with x  via testing allele count ci,x against the sum total count h(i).  This translates 

similarly to the haplotype case, with the major difference that |ALLi
w
| can be as large as 2

w
. 

 Let hk represent the haplotype ALLi
w
[k].  The haplotypes across the n samples can then 

be depicted in (amplified / corresponding non-amplified) pairs for each amplified sample as, for 

instance: (h0/h1), (h0/h2), (h0/h3), (h1/h2), (h1/h3), (h2/h0), é, (h0/h2).  To accurately calculate 

distortion for hk, we must examine only those pairs that include hk.  ck
A
 is the number of pairs in 
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which hk is amplified.  ck
U
 is the number of pairs in which hk remains non-amplified while the 

other haplotype in the pair is amplified.  Comparing ck
A
 with ck

U
 via ck

Total
 translates to 

comparing hk with the other haplotypes (with which it pairs) starting at i, thus revealing the level 

of selection for amplification of hk.  A high ck
U
 over ck

A
 suggests against such selection. 

 We can now revisit our hypotheses mathematically.  Let w
i
k represent all the haplotype 

pairs across the n samples starting at marker i such that each pair: possesses hk and another 

haplotype, and either hk or the other haplotype are amplified.  Note that ck
Total

 = |w
i
k|.  Let T

i
k be a 

random variable representing the number of amplified instances of hk in w
i
k.  In the haplotype 

case, the null hypothesis states that hk is not selected for amplification over the other haplotypes 

with which hk forms pairs across samples. We formally hypothesize: 

 H0: T
i
k ~ Binomial(ck

Total
, 0.5)       (9) 

We set a significance threshold a according to the binomial distribution, reporting ck
A
 as 

significant if:  

  Pr(T
i
k Ó ck

A
)  Ò  a         (10) 

In other words, the alternative hypothesis states that hk is selected for amplification over the 

other haplotypes with which hk forms pairs across samples.  Traditionally a is 0.05; however, we 

assign a genome-wide significance threshold to a to address multiple hypotheses, as described 

later in the Significance Testing subsection. 

 To test the hypotheses, we utilize the binomial test to calculate the probability of 

observing at least the number of amplified instances of hk.  In our case, the binomial test assumes 

0.5 for its probability of success, which is appropriate under the null hypothesis: 
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       p-valuei(hk) = Pr(T
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Each p-valuei(hk) is then converted to a logarithm-of-odds (LOD) score via performing: ïlog10(p-

valuei(hk)).  The LOD score is a direct quantification of amplification distortion for a haplotype 

hk at SNP i.  

4.2.3: Significance Testing 

Running ADT over thousands of SNPs introduces a high risk of spurious results.  To alleviate 

effects from multiple hypotheses, permutation testing is performed for single SNP or haplotype 

analysis to determine a respective genome-wide threshold of significance for LOD scores.  In 

both cases, our approach requires permuting the dataset over t = 10
4
 iterations.  During each 

iteration k of the t iterations, the amplification status of alleles for a sample j is uniformly flipped 

in heterozygous calls genome-wide with 50% probability.  To model this, we define a k × j 

matrix F = [fk,j], which represents whether the call values for sample j are flipped during an 

iteration k: 

 fk,j = 0 with 50% probability (flipping should not occur) 

      = 1 otherwise (flipping should occur) 

We now define new Dk
x
 matrices, each of size m ³ n, to reflect the changes made during an 

iteration k: 

Dk
0
 = D

1
[i, j] if fk,j = 1 and G[i, j] = 01 

 = D
0
[i, j] otherwise 

Dk
1
 = D

0
[i, j] if fk,j = 1 and G[i, j] = 01 

 = D
1
[i, j] otherwise 
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The respective A and U matrices, as well as the single SNPs or haplotypes, can be subsequently 

determined from the Dk
x
 matrices during an iteration k.  We define a list L that retains the top t 

LOD scores over all iterations.  The genome-wide significance threshold (GWST) is set to the 

LOD score s that has at most 0.05 probability of appearing on average over the t iterations:  

 GWST = s, such that [|{L[v] | L[v] Ó s}| / t] = 0.05, with (0 Ò v < t)   (12) 

The LOD scores that ADT calculated from analyzing the original D
x
 matrices are compared with 

GWST.  Only those scores that are greater than or equal to GWST are deemed to be significant 

genome-wide and are unlikely to be an effect of noise.  This is equivalent to comparing the 

binomial test p-values with a, where a = 10
(-GWST)

. 

 Alternatively, we can set a chromosome-wide significance threshold (CWST), defined 

similarly to the GWST but restricted to a chromosome-by-chromosome basis.  We define a list 

Lc that retains the top t LOD scores over all iterations from chromosome c.  The threshold for c, 

CWSTc, is set to the LOD score sc that has at most 0.05 probability of appearing on average over 

the t iterations:  

 CWSTc = sc, such that [|{Lc[v] | Lc[v] Ó sc}| / t] = 0.05, with (0 Ò v < t)  (13) 

CWST is designed to offer a targeted option within ADT.  This alleviates the situation in which 

moderately amplified regions containing distortion on one chromosome are discounted due to 

falling below a GWST that is influenced by highly amplified regions on another chromosome.  A 

consequence of this addition is an increase in the power of the method, as discussed later.   

 Lastly, ADT and the permutation testing procedure examine only those SNPs with six or 

more amplified heterozygous calls as a means to explicitly reduce testing burden.  However, by 

the nature of the calculation of the GWST and CWST, SNPs with fewer calls would be 

automatically eliminated from consideration anyway, as they would reside at the bottom of lists 
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L and Lc, thereby unable to affect determination of the thresholds. 

4.2.4: Algorithmic Optimizations 

The hefty computation requirements of permutation testing necessitated optimizations in 

memory use and execution time.  Towards this end, ADT uses object pools and sliding windows 

in an optimal fashion, keeping track of amplified haplotype windows and counts by using 

bounded buffers and bit vectors.  ADT is implemented in the Java software HADiT (Haplotype 

Amplification Distortion in Tumors); location of the source code with these optimizations is 

given in A.5: Software. 

 ADT is also highly parallelizable.  With the requirement that data files be partitioned by 

chromosome, ADT can multi-thread chromosome processing to take advantage of multi-core 

machines.  ADT can be further parallelized to run over a computing cluster, letting each machine 

process a chromosome or specified set of chromosomes.  These optimizations allow ADT to 

scale robustly to larger dataset sizes, such as the magnitude of sequencing data. 

4.2.5: Analysis of Homozygous Calls 

Up until this point, ADT utilizes only heterozygous calls, analysis that is unique to this 

application.  However, this ignores potentially useful information from homozygous calls, whose 

analysis can rely on existing techniques from GWAS studies.  Briefly, skewed ratios of 

somatically amplified to non-amplified homozygous counts at a marker may imply selection of 

an allele being amplified, thereby complementing or adding to the information provided by the 

binomial test alone.  Similar to the germline tests of case-control association vs. TDT, the 

additional information from homozygotes comes at a price of sensitivity to population structure 

here as well. 

 Towards this end, we adapted two commonly used chi-square based tests that utilize 
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homozygote information and incorporated them under the ADT ñumbrellaò to work alongside 

the binomial test.  Each test is applied on one SNP marker i at a time but is not applied towards 

haplotypes. 

 The first of these is the Cochran-Mantel-Haenszel (CMH) test, which examines a series 

of 2 x 2 x k tables to compare two groups in a binary response.  For each of the k tables, the 

binary response is either ñamplifiedò or ñnon-amplifiedò.  The k (where k = 3) group pairs are, 

respectively: AA/BB; AA/AB (with the A allele amplified); and BB/AB (with the B allele 

amplified).  These tables are depicted below in Figure 4.3, with each table cell containing the 

appropriate counts for the SNP in question. 

 

Figure 4.3:  Data Tables for Cochran-Mantel-Haenszel (CMH) Test.  The figure above displays the breakdown 

of the tables generated per SNP.  These tables are used as input to the CMH test as depicted above.  The CMH test is 

run on the first table and then on the latter two tables together.  The minimum of the two p-values is determined and 

assigned to the SNP in question.  Recall that -10 log10(p-value) is a LOD score. 
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Because the first table is not independent of the latter two, it is analyzed separately.  The CMH 

test is first applied to this table exclusively to produce a p-value and LOD score.  The CMH test 

is then applied to the latter two tables together to produce another LOD score.  The maximum 

LOD score is taken to represent SNP i.  A genome-wide significance threshold is generated for 

the LOD scores and is discussed below. 

 The second of these tests is the Cochran-Armitage (CA) Trend test, applied widely in 

genome-wide association studies to determine associations between germline alleles (via 

genotypes) and phenotypes.  In our case, we adapted the CA test via assigning amplification 

status as the phenotype.  As such, for a SNP i, we generate a 3 x 2 table, with each column 

representing the genotypes AA/AB/BB  and the rows representing the phenotype (ñamplifiedò/ 

ñnon-amplifiedò).  Each table cell contains the appropriate counts for SNP i: 

 

Figure 4.4: Data Tables for Cochran-Armitage (CA) Test.  The figure above displays the breakdown of the tables 

generated per SNP.  These tables are used as input to the CA test as depicted above.  The CA test is run on each 
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table separately, and the minimum of the three p-values is assigned to the SNP in question.  Recall that -10 log10(p-

value) is a LOD score. 

We also construct two more 3 x 2 tables, identical to the original with the exception of the 

amplified heterozygous cell.  In the first new table, this cell contains counts of the heterozygous 

calls with the A allele amplified.  In the second new table, this cell contains counts of the 

heterozygous calls with the B allele amplified.  These two tables are created to test for allele 

specificity in the amplified heterozygous calls.  The CA test is applied to each of the three tables 

at SNP i, and the minimum p-value of the three is retained. 

 The permutation procedure for obtaining a genome-wide significance threshold is 

common to both of these tests.  For each SNP i, the number of amplified calls zi is known from 

the tables generated above.  For each permutation iteration j of t = 10
3
 iterations, we randomly 

assign zi genotypes at SNP i to be amplified, thus keeping the number of amplified calls across 

iterations constant.  The respective test is then run on the amplified and non-amplified genotype 

counts.  The LOD scores are stored and sorted, and the score with 0.05 significance genome-

wide is set as the respective threshold.  Performance of these tests is given in Results. 

 As mentioned above, population stratification may confound results.  For example, if a 

dataset consists of two groups, in which a region tends to be somatically amplified in the first 

group but not in the second, the prevalent alleles in the region in the first group may appear to be 

selectively amplified despite no biological phenomenon occurring in reality.  As such, 

precautions should be taken to ensure that the dataset consists of individuals within the same 

population. 

 Lastly, our CMH and CA tests allow for homozygous calls in which both copies of the 

allele are amplified.  This contrasts with our discarding of double amplifications in heterozygous 
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calls, as they would imply ambiguous phase during ADT binomial test analysis.  Phase is not an 

issue for homozygous calls, especially when performing single SNP analysis.  Furthermore, 

since homozygous calls contain two or more copies of the same allele, we are only concerned 

with whether the call is amplified or not, versus knowing which allele is exclusively amplified as 

is the case with heterozygous calls.  For these reasons, we retain homozygous calls with double 

amplifications during CMH and CA analysis. 

4.3: Evaluation and Results 

It is imperative to measure ADTôs power across a variety of tumor dataset scenarios.  To this 

effect, we generated numerous synthetic datasets containing causal regions and assessed ADTôs 

ability to detect those regions. These simulations revealed that ADT possesses sensitivity 

proportional to the dataset size, while specificity remains consistently high.  This analysis 

provided critical insight into ADTôs ability to accurately analyze real cancer data. 

 In further detail, simulation of a particular dataset first requires an existing phased dataset 

containing only genotype information for n samples.  Recurrent stretches of amplification are 

assigned to several regions in the genome.  Each stretch contains a causal driver SNP at its mid-

point, and the driver may or may not be allele-specific, as suggested by our alternate and null 

hypotheses, respectively.  In other words, for a heterozygous sample j, either the phase 

containing the driver allele is amplified with a certain probability, or the other phase is amplified.  

For a homozygous sample j, either phase can be chosen for amplification.  Linkage 

disequilibrium (LD) with the driver allele allows neighboring SNPs to partake in amplification 

distortion and result in distorted haplotypes.  We thus define truth positive regions as 390 kb 

regions centered at the driver SNP; 390 kb represents the mean length of recurrent amplification 

stretches as observed in real cancer data, a detail utilized and described in Table 4.1. 
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 Non-recurrent stretches of amplification are also sprinkled over individual samples.  Such 

stretches are not causal and thus possess no driver alleles.  Along with non-amplified regions, 

they represent the datasetôs truth negative regions, which are then partitioned into segments of up 

to 390 kb in length; 390 kb was chosen in order to maintain consistency with truth positive 

region lengths. 

 A visual example of a dataset is depicted in Figure 4.1.  Each simulated dataset is 

analyzed by ADT, which returns LOD scores for each SNP.  We test whether ADT returns 

genome-wide significant LOD values ï as determined by permutation testing ï within truth 

positive regions as well as a lack of genome-wide significant hits in truth negative regions.   

 Note that ADT itself does not require input data to be phased; phasing is used only during 

this evaluation procedure to assign copy number aberration stretches along haplotypes when 

generating simulated data.  ADT treats all input data as if it was unphased and uses amplification 

status to implicitly phase the data. 

 The variability across the synthetic datasets is implemented via a set of seven parameters, 

described in Table 4.1 and Figure 4.1.  We performed 100 trials for each parameter value 

combination when iterating over the parametersô value space, generating a dataset per trial and 

calculating a genome-wide significance threshold for each dataset via permutation testing.  To 

prevent exponential growth of the value space, we iterated over only one parameter at a time 

while maintaining the other parameters at their default values.  This allowed us to restrict 

ourselves to approximately 72,000 synthetic datasets instead of a prohibitive 250 ³ 10
9
.  The 

parameter default values were modeled from observations made in a real glioblastoma cancer 

dataset, described in the next section. 
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Table 4.1: ADT Parameter definitions. The parameters used in the simulations are described below.  The default 

values were obtained by observing parameter-specific properties in a real Illumina 550K dataset obtained from The 

Cancer Genome Atlas (TCGA).  The derivation of the default parameter values is discussed in Appendix A.3: 

Determination of Simulation Default Parameters, Illumina 550K Dataset A (204 Samples). 

Parameter Name Default Description 

Mean Length of a 

Recurrently Amplified 

Stretch 

390kb This parameter represents the mean of an exponential distribution, which 

upon sampling determines the length of a recurrently amplified region 

across samples.  By default, the distribution possesses a mean of 390kb.  

This exponential distribution can produce recurrent stretches of over 1 or 

even 2 Mb. 

Number of Recurrently 

Amplified Stretches 

5 This parameter determines the number of recurrently amplified stretches in 

the genome, all of which contain causal (driver) SNPs.  A value of 5 

represents a realistic number of truth positive regions. 

Mean Length of a 

Non-Recurrently 

Amplified Stretch  

2.5Mb This parameter represents the mean of an exponential distribution, which 

upon sampling determines the length of a non-recurrent (sample specific) 

amplified stretch for an individual sample.  By default, the distribution 

possesses a mean of 2.5Mb. 

Number of Non-

Recurrently Amplified 

Stretches  

5 This parameter determines the number of non-recurrently amplified 

stretches for a particular sample.  No such stretch contains causal (driver) 

SNPs. 

Probability of 

Amplifying the Driver 

Allele 

0.90 At a driver SNP within a recurrently amplified stretch, a driver allele is pre-

selected to be the factor driving tumor development.  For a sample j 

heterozygous at the SNP, this parameter is the probability for: amplifying 

the phased haplotype within the stretch containing the driver allele.  

Otherwise, the other phased haplotype is amplified instead.   
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Probability of 

Amplifying a Sample 

within a Recurrently 

Amplified Stretch 

0.20 The mean probability that: a sample j (and therefore all its calls) is amplified 

within a recurrently amplified region.  The true probability of such 

amplification for a sample j is determined via sampling from a normal 

distribution with ɛ = the parameter value and ů = 0.03.  The default and ů 

values reflect what is observed in recurrently amplified regions in the real 

Illumina 550K data.   

Bias to Amplify Driver 

Allele Homozygous 

Calls 

0.70 Either the major or minor allele at a driver SNP can be selected to be the 

driver allele.  This parameter determines the óproportionô of homozygous 

calls (corresponding to the driver allele) that are to be amplified at the driver 

SNP.  The complement of this parameter (subtracted from 1.0) determines 

the óproportionô of homozygous calls that are to be amplified for the 

complementary allele at the driver SNP.  The ratio of this parameter value to 

its complement can be viewed as the relative risk (risk of amplification 

relative to the homozygous genotype).  In other words, the ratio of this 

parameter value to its complement (the relative risk) is equal to the ratio of 

the proportion of homozygous calls that are amplified for the driver allele to 

the proportion of homozygous calls amplified for the other allele. 

 

4.3.1: Evaluation Results 

As stated above, an existing phased dataset is required for the simulation procedure.  We had 

obtained three such SNP datasets.  The first consists of 204 glioblastoma samples from The 

Cancer Genome Atlas (TCGA) that were run on the Illumina 550K platform (designated as 

Dataset A).  Genotype and CNA information were determined using logR ratio and B-allele 

frequency information.  In addition, we had obtained another dataset (Dataset B) comprised of 

698 lung tumor samples run on the Affymetrix 500K platform, Sty component (250K SNPs) by 
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the Broad Institute.  Genotype and CNA information were determined via the PLASQ procedure 

(Laframboise et al. 2007).  The caveat with this dataset is that only roughly half of the samples 

are published online.  Because of the importance of demonstrating ADTôs power on a large 

publicly available dataset, we delineated a third dataset (Dataset C) that is a subset of Dataset B, 

consisting of 345 lung tumor samples whose raw data are available online (see Appendix A. 

Supporting Material for ADT P ower Evaluation). 

 The genotype component of each dataset was extracted and then phased computationally 

using Beagle 3.0 (Browning and Browning 2007).  These phased genotypes were used as master 

templates (Template A, Template B, and Template C respectively).  Recurrent and non-recurrent 

amplified stretches were assigned to the templates independently during each simulation trial 

when iterating over the parameters.  Default parameter values were modeled from observations 

made only in Dataset A due to the reliability of copy number calls in this dataset versus the other 

datasets.  As such, CNA properties learned from Dataset A were used to assign CNA stretches to 

all three templates.  Datasets B and C were used strictly for the large sample sizes they offered. 

4.3.1.1: Results from the Binomial Test Component of ADT 

We observed that the genome-wide significance threshold typically increases as the number or 

length of amplified stretches increases, encoded via four parameters and depicted in Figure A1 ï 

A4.  The underlying reason is that the overall number of amplified heterozygous calls ï targeted 

in permutation testing and contained in such stretches ï grows, thereby elevating the threshold.  

This in turn reduces sensitivity, as driver regions have difficulty meeting such high thresholds 

due to insufficient amplified heterozygous calls (inadequate power) at the driver SNPs.  These 

sensitivity plots in Figure A1 ï A4 reflect performance of all driver regions ï those that are 

sufficiently well-powered to meet the threshold as well as those that are not.  The plots reveal 
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that sensitivity is greater in larger sample sizes (~0.84), moderate in moderate sample sizes 

(~0.62), but reduced in smaller sample sizes (~0.35).  Specificity remains at 0.99 across cases 

and is not displayed. 

 The final two simulation parameters (Probability of Amplifying the Driver Allele, 

Probability of Amplifying a Sample within a Recurrently Amplified Stretch) represent the 

parameters of the binomial distribution that underlies ADT.  In fact, the latter parameter dictates 

the number of samples amplified within a recurrent stretch.  This translates to the number of 

amplified heterozygous calls at a driver SNP and therefore has a direct impact on power.  Low 

values for this parameter signifies that sample size is effectively reduced.   

 We calculated the genome-wide significance thresholds for these two parameters jointly 

(Figure A5).  The joint performance for Dataset B is displayed in Figure 4.5, while the joint 

performances for each of Datasets A and C are displayed in Figure A6.  We observe that ADTôs 

sensitivity increases as the parametersô values grow.  It stands at 0.84 in Dataset B at the default 

values, in which the probability of the driver allele being amplified in an amplified heterozygous 

call averages 0.90 and the proportion of amplified samples in a recurrent stretch averages 0.20.  
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Figure 4.5: Sensitivity across value combinations of two parameters. Dataset B: 698 Samples.  The two 

parameters are denoted on the z- and x-axes and have the ability to significantly affect sensitivity of ADT.  This 

graph is produced from performing simulations on the 698 sample Affymetrix 250K dataset.  Sensitivity jumps 

when the sample amplification parameter reaches 0.1 but tapers afterwards.  Sensitivity also increases when the 

driver allele amplification parameter reaches 0.7.  Sensitivity at the default parameter values (0.2 for sample 

amplification and 0.9 for driver allele amplification) reaches 0.84.  Considering the default parameter values 

represent properties seen in real data, this indicates that ADT will perform well on real datasets with large sample 

sizes. 

 In Datasets A and C, the sensitivity stands at 0.35 and 0.62 at the default values, 

respectively.  Sensitivity will either rise or reduce on real datasets whose parameter values either 

respectively exceed or fall below these default values.  One must use ADT with caution on 

datasets whose SNPs contain low proportions of amplified heterozygous calls across samples.  

These results support that increasing sample size boosts sensitivity due to increase in power.  

Note that the number of samples remains well below the thousands typically required in GWAS 
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studies.  Again, specificity is not shown because it resides consistently at 0.99 across cases. 

 As mentioned above, sensitivity suffers in Dataset A because many driver regions do not 

possess enough power ï the amplified heterozygous calls necessary at a driver SNP ï to meet the 

genome-wide significance threshold levels.  When the number of such calls (S
i
0 + S

i
1 at SNP i) is 

too low, the threshold cannot be crossed even if maximum distortion (S
i
0 = 0 or S

i
1 = 0 

exclusively) is observed.  If the same occurs with SNPs neighboring a driver SNP, the driver 

region as a whole will remain insufficiently powered.  The simulations reveal that this is often 

the case with small sample sizes, leading to the reported sensitivities.   

 To alleviate the concerns between power at driver SNPs and the genome-wide 

significance threshold, we measured performance using chromosome-wide significance 

thresholds instead.  The results on Dataset A are presented in Figure A7 ï A9.  Results indicate 

an increase in sensitivity to between 0.5 and 0.55.  This potentially comes at a cost of specificity, 

but any decreases in specificity appeared to be negligible.  ADT could thus alternatively be used 

in a more targeted manner to identify significant distortions. 

 Lastly, ADT can report peaks in driver regions that lie below the genome-wide 

significance threshold, thus providing the researcher the option of fine mapping such regions.  

The simulation experiments reveal that ADT performs well with larger datasets but does not 

perform as optimally with smaller dataset sizes.  Furthermore, the parameter default values 

represent properties observed in real data, thereby providing support of ADTôs strong 

performance ï an overall sensitivity of 0.84 and 0.62 with practical parameter values ï on large 

and moderate datasets, respectively. 
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4.3.1.2: Results from the Chi-Square Test Components of ADT 

As noted in the Methods section, the binomial test component of ADT utilizes only heterozygous 

calls, potentially reducing power as heterozygous calls comprise only a subset of genotypes at a 

driver marker.  Information from homozygous calls can also be used to implicate alleles selected 

for amplification.   

 Towards this end, we adapted and incorporated the Cochran-Mantel-Haenszel (CMH) 

test and Cochran-Armitage (CA) test under the ADT umbrella as alternative or complementary 

methods to the binomial test.  These tests depend on ratios of amplified homozygous calls at a 

marker, determined by the parameter Bias to Amplify Driver Allele Homozygous Calls.   

 Performance was measured in Dataset A.  Results from CMH are displayed in Figure 

A10, while results from CA are provided in Figure A11.  The first parts of the figures from 

CMH and CA involve the minor allele being selected as the driver allele, while the second parts 

of the figures involve the major allele being selected as the driver allele.  The graphs show joint 

performance of the parameters: (Bias to Amplify Driver Allele Homozygous Calls, Probability of 

Amplifying a Sample within a Recurrently Amplified Stretch).   

 For both CMH and CA, when the minor allele is selected, sensitivity generally rises to a 

peak (for a given value of Bias to Amplify Driver Allele Homozygous Calls), after which it 

begins to decline as the number of samples amplified increases.  This occurs because: as the 

proportion of samples to be amplified increases (starting from 0), the homozygous calls of the 

minor allele are preferred to be amplified.  The rise to the peak signifies that the fraction of 

minor allele homozygous calls being amplified is becoming larger than that of the major allele 

(and large enough to cross genome-wide significance thresholds).  However, as the proportion of 

samples amplified increases further, the minor allele homozygous calls eventually saturate with 
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amplification, and so the major allele homozygous calls are increasingly chosen to be amplified 

instead (in order to maintain the total proportion of samples amplified).  Thus, the fraction 

difference reduces, leading to a decline in sensitivity.   

 When the major allele is selected, sensitivity builds more slowly towards the peak for 

both CMH and CA.  The reason is that many more amplified samples are needed to achieve an 

amplified homozygous fraction difference between the major and minor allele that would cross 

genome-wide significance levels (when the major allele homozygous calls are being selected for 

amplification).  However, sensitivity begins to first decline and then plummet when more than 

80% of samples are amplified.  The cause is that both minor and major allele homozygous calls 

are saturating with amplification, resulting in a shrinking amplified homozygous fraction 

difference. 

 Given this preliminary view of performance of CMH and CA, a potential question is: 

how do they compare to the ADT binomial test?  More specifically, in which parameter 

scenarios do CMH or CA perform better than ADT, and vice versa?  Before proceeding, one 

caveat to keep in mind is that ADT analyzes information different from that of CMH or CA.  For 

example, as mentioned earlier, ADT examines only heterozygote calls while the first table in 

CMH utilizes only homozygous calls.  Furthermore, CA utilizes both homozygous and 

heterozygous calls.  Thus, the tests may not be directly comparable due to differing input data.  

However, it is still important to ascertain which test performs best in which scenario, as defined 

by the parameters in Table 4.1.   

 The binomial testôs performance for Dataset A is displayed in Figure A6; we focus 

mainly on the trend line for which Probability of Amplifying the Driver Allele is 0.90, as this 

parameter was retained at its default value for CMH and CA.  Recall that this parameter applies 
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only to heterozygous calls.  For CMH and CA, we focus for now on the trend line for which Bias 

to Amplify Driver Allele Homozygous Calls is defaulted to 0.70.  In this manner, we can compare 

CMH and CA with ADT on a common parameter: Probability of Amplifying a Sample within a 

Recurrently Amplified Stretch. 

 Comparisons of the graphs reveal that ADT binomial test performs stronger while 

varying this common parameter (refer to Table 4.2).  At the default values of all parameters, 

CMH and CA possess a sensitivity of ~0 regardless of the allele selected to be the driver.  ADT 

binomial test, on the other hand, possesses a sensitivity of 0.35.  Furthermore, ADT binomial test 

outperforms CMH or CA when the proportion of amplified samples drops below the 0.20 default 

value.  For such small amplified sample counts, ADT binomial test LOD scores are better able to 

pass their significance thresholds than can the CMH or CA LOD scores.  On the other hand, 

when the proportion of amplified samples rises to 0.30 or 0.40, ADT still performs better, 

reaching sensitivities of 0.57 and 0.70.  With the minor allele selected to be the driver, CMH 

respectively performs at 0.02 and 0.22, and CA performs at 0.12 and 0.24.  With the major allele 

selected, CMH respectively performs at ~0 and 0.04, and CA performs at 0.18 and 0.24.   

 When the minor allele is selected, CMH and CA sensitivities peak with 50% of samples 

being amplified, but their sensitivities still fall below ADT binomial testôs 0.74 sensitivity.  

Afterwards, the CMH and CA sensitivities fall while the binomial testôs sensitivities continue to 

rise; the reasoning for this decline was provided earlier.  When the major allele is selected 

instead, the CMH and CA sensitivities continue to rise but never quite reach the ADT binomial 

test sensitivities (~0.90) when many samples are amplified; afterwards, the CMH and CA 

sensitivities drop.  These results indicate that ADT binomial test performs stronger than CMH or 

CA across the range of proportion of samples to be amplified (while other parameters remain at 
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their default values). 

 However, if we vary the parameter Bias to Amplify Driver Allele Homozygous Calls, we 

observe cases in which CMH and CA perform equivalently or better than ADT binomial test (for 

which Bias to Amplify Driver Allele Homozygous Calls always possesses its default 0.70 value).  

Such cases are depicted in Table 4.2.  Although ADT binomial test consistently performs better 

when the bias parameter is less than or equal to 0.70 (due to similar fractions of amplified 

homozygous calls for the two alleles at a driver SNP), CMH or CA often gain the upper hand 

when this parameter exceeds 0.70.  For example, when the sample amplification parameter is 

low and the bias parameter is high, both CA and CMH possess higher sensitivities (when the 

driver allele is the minor allele).  As the sample amplification parameter increases while the bias 

parameter remains high, CA (with the driver allele being the major allele) climbs to the top.  

ADT binomial test returns to possessing the greatest sensitivity when the sample amplification 

parameter reaches 0.90 or above. 

 These results reveal that ADT binomial test performs well in many cases, including 

practical ones defined by default parameter values, while CMH and CA perform well in others.  

As such, if real tumor data possesses properties for which CMH or CA are known to perform 

better, those tests should be used to achieve greater sensitivity for detecting selectively amplified 

alleles.  Conversely, if real tumor data possesses properties for which ADT binomial test is 

known to perform better, then that test should be utilized.   

 To relieve the user from making such a choice, the HADiT software package can conduct 

all three tests on an input tumor dataset, generating three corresponding LOD scores per SNP.  

Respective permutation tests can then be performed to determine the genome-wide significance 

threshold for each test type.  A SNP is reported as significant if at least one of its three LOD 



58 

 

 

 

scores crosses the respective threshold.  The benefit of this ñOR operationò is that SNPs that are 

significant via different tests can be reported at once.  For example, if SNP i is significant 

according to the ADT binomial test but is not significant via CMH or CA, it would still be 

reported.  Likewise, if SNP j is significant according to CMH or CA but not according to ADT 

binomial test, it would also be reported.  Moreover, SNPs that are deemed significant by more 

than one test make stronger candidates for drivers.  Performance of utilizing all three tests in this 

fashion is provided in Figure A12.   

 The ñOR operationò was performed versus combining the three p-values because the tests 

possess differing null distributions and utilize input data that are dependent, thus violating 

assumptions of standard p-value combination methods (e.g. Fischerôs method) and highly 

complicating permutation testing procedures. 

 A consequence of the ñOR operationò is that none of the three tests affects the sensitivity 

of the other; rather, they represent options under the ADT umbrella.  Results from CMH or CA 

may serve to support the significance of driver alleles discovered by ADT binomial test, or vice 

versa.  HADiT thus offers the user the functionality of these tests in a complementary fashion. 
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Table 4.2: Comparison of ADT Binomial Test, CMH, and CA across two parameters.  The following is a 

comparison table between the three tests incorporated under the ADT umbrella across two parameter value ranges as 

indicated in the table.  Each cell contains the color code of the test that possesses the greatest sensitivity for that row 

and column value.  If multiple tests have sensitivities close in value, they are depicted in rank order within the cell 

from greatest (left) to least (right).  The color codes are: ADT-Binomial Test (red), CMH with the minor allele 

selected to be the driver allele (light blue), CMH with the major allele selected to be the driver allele (blue), CA with 

the minor allele selected to be the driver allele (light green), and CA with the major allele selected to be the driver 

allele (dark green).  The cell containing ñDefaultò corresponds to the default parameter values. 
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Probability of Amplifying a Sample within a Recurrently Amplified Stretch 

 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 

0.5 NONE           

0.6 NONE           

0.7 NONE  Default         

0.8 NONE                   

0.9 NONE                 

1.0                     

 

4.3.2: Biological Results 

We analyzed Dataset A using the binomial test portion of ADT and present the results in Figure 

4.6 and Table 4.3.  Only two SNPs (rs1997375, rs10250847) cross the genome-wide 

significance threshold of 3.61.  As a quality control measure, we filtered out SNPs that had more 

than 10% missed calls.  In addition, we imputed the genotypes at the top genome-wide 

significant SNPs using Beagle 3.0 (Browning and Browning 2007).  The rationale behind this is 
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that regions with amplification are problematic for genotype calling algorithms and may lead to 

erroneous calls.  We thus checked the original genotype calls and imputed calls for genotype 

concordance for each top SNP.  Although the best hit rs1997375 displays much discordance and 

thus is deemed unreliable, the next hit rs10250847 displays strong concordance, lending support 

towards its potential validity (see Table 4.3). 

 Furthermore, this latter SNP resides within the epidermal growth factor receptor (EGFR) 

region (approximately 434 kb telomeric to the transcriptional start site of the EGFR locus), 

which is well known to be involved in various cancers  (Olayioye et al. 2000).  Intriguing 

connections between the germline and somatic genomes are starting to appear in the literature.  

For example, in lung cancer patients, it has long been recognized that individuals of Asian 

ancestry have a higher prevalence of somatically acquired EGFR mutations than individuals of 

European ancestry (Shigematsu et al. 2005; Nomura et al. 2007).  These mutations are strongly 

correlated with response rate to EGFR tyrosine kinase inhibitors (Huang et al. 2004b; Lynch et 

al. 2004; Paez et al. 2004; Pao et al. 2004; Zhang et al. 2005; Shigematsu and Gazdar 2006; Tam 

et al. 2009).  While the mechanism underlying the prevalence difference is unknown, it is 

conceivable that there is an inherited predisposition to developing the somatic mutation.  More 

recently, a trio of studies demonstrated a strong association between a germline haplotype and a 

somatically acquired mutation in JAK2 in myeloproliferative neoplasms (Jones et al. 2009; 

Kilpivaara et al. 2009; Olcaydu et al. 2009).  It is clear that complex interactions can occur 

between the germline and tumor genomes; how prevalent this phenomenon is, however, will 

require further investigation.  Our results suggest that rs10250847 is a preliminary candidate 

motivating further examination into this genetic region in glioblastomas. 
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Figure 4.6: ADT Binomial Test Results.  Dataset A: 204 Samples.  This displays a Manhattan plot of 

amplification distortion p-values (y-axis in a -log10 scale) along the genome (x-axis).  Signals on chromosome 7 

exceed the 3.61 genome-wide significance threshold, indicated by the blue line.  Only two SNPs cross this threshold 

(rs1997375, rs10250847).  The SNP rs10250847 passes certain quality control criteria and may motivate further 

biological investigation.    The distribution of the ADT binomial test statistic is provided in a quantile-quantile (QQ) 

plot in Figure A13. 

Table 4.3: Genotype Discordances between Original Genotypes and Imputed Genotypes.  Dataset A: 204 

Samples.  The table contains a summary of genotype comparisons between the original genotype calls and the 

Beagle 3.0-imputed genotype calls for the top two genome-wide significant SNPs.  The top SNP (rs1997375) 

displays many (48) discordances in total.  However, the second SNP (rs10250847) does not, lending evidence 

towards it being a stronger hit. 

SNP rs1997375 rs10250847 

# Calls 204 204 

# AB Calls Imputed to be AA or BB 41 0 

# AA or BB Calls Imputed to be AB 4 0 

# AA or BB Calls Imputed to be BB or AA 3 0 

# Total Genotype Discordances 48 0 

 

4.4: Discussion and Conclusions 

Previous studies had observed anecdotal evidence of particular nucleotide alleles being preferred 

in amplified regions in tumors.  We formalized this notion via hypothesizing amplification 

distortion, in which a certain tumor-driving allele is selected to reside in amplified regions versus 

Chr 1         2             3           4          5          6        7         8       9    10     11     12     13   14   15  16  17     19    21 
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the other allele over many tumor samples.  Linkage disequilibrium allows this distortion to 

extend to haplotypes centered at the driver.  To test this hypothesis, we devised the 

Amplification Distortion Test (ADT).  ADT accepts genome-wide SNP and CNA data from SNP 

arrays and returns LOD distortion scores for each allele or haplotype starting at each SNP.  ADT 

can also permute the data to determine a genome-wide threshold of significance for these scores.  

Alleles with significant LOD values are either potential causal variants or are associated with 

causal variants.  Techniques such as fine mapping can then be used to identify cancer genes 

proximal to such alleles. 

 We evaluated the power that ADT possesses to detect distorted alleles.  We generated 

synthetic datasets that represent the hypothetical variety of cancer data consisting of SNP and 

CNA information.  The results on such datasets indicate that ADT performs well with large 

sample sizes, especially if the simulated data reflects properties of true cancer data.  One 

limitation may be that such large SNP array tumor datasets are not currently available publicly.  

However, in the coming years, it may be possible to obtain or aggregate sufficient quantities of 

tumor SNP array data, akin to the datasets that have been available for GWAS studies.  

Alternatively, labs may privately possess hundreds of tumor samples that are not yet published.  

Such groups could use ADT to identify potential causal variants with strong power. 

 Since the purpose of ADT is to localize causal variants ï putative genes ï within 

amplicons, a natural extension is to incorporate gene expression data towards the distortions.  In 

other words, are there associations between enriched expression levels of proximal or perhaps 

distal genes with alleles that are selected for amplification?  The interesting methodological 

challenges would stem from the complexities of examining associations with distal genes 

specifically.  Another direction for future study is the adaptation of ADT towards sequencing 
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data.  Although we expect ADT to scale well to the size of such datasets, the method will need to 

handle the inherent differences between sequence and SNP array data.  For instance, sequence 

data will include all nucleotides, not just SNPs, which will have an impact on amplified 

haplotype detection.  Furthermore, somatic mutations can be detected and incorporated into the 

algorithm.  Such enhancements in the near future will further empower ADT. 

 In the pursuit of detecting causal variants, it aids the cancer community to integrate 

multiple sources of information.  We present a method that aims to do this.  The strong 

evaluation of ADT provides us confidence to offer the community this powerful genome-wide 

scanning method.  We hope that cancer researchers will benefit from its use towards helping lay 

the groundwork for discovering variants and possibly oncogenes. 
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Chapter 5. Selection of Amplicons in Glioblastoma Revealed by Combining 

Somatic and Germline Analysis 

Cancer is a disease driven by a combination of inherited risk alleles coupled with the acquisition 

of somatic mutations, including amplification and deletion of genomic DNA. Potential 

relationships between the inherited and somatic aspects of the disease have only rarely been 

examined on a genome-wide level. Applying a novel integrative analysis of SNP and copy 

number measurements, we queried the tumor and normal-tissue genomes of 178 glioblastoma 

patients from the Cancer Genome Atlas project for preferentially amplified alleles, under the 

hypothesis that oncogenic germline variants will be selectively amplified in the tumor 

environment. Selected alleles are revealed by allelic imbalance in amplification across samples. 

This general approach is based on genetic principles and provides a method for identifying 

important tumor-related alleles. We find that SNP alleles that are most significantly 

overrepresented in amplicons tend to occur in genes involved with regulation of kinase and 

transferase activity, and many of these genes are known contributors to glioma-genesis. The 

analysis also implicates variants in synapse genes. By incorporating gene expression data, we 

demonstrate synergy between preferential allelic amplification and expression in DOCK4 and 

EGFR. Our results support the notion that combining germline and tumor genetic data can 

identify regions relevant to cancer biology. 

5.1: Introduction 

Cancer is a disease of two related, but karyotypically distinct genomes: germline and somatic.  

Given the kinship between these two genomes, studies of cancer biology should be amenable to 

population genetic analysis, since the tumor cells can be considered descendants of a progenitor 

cell.  In the population of tumor cells, lineages are subject to somatic versions of mutation, drift 
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and selection (Nowell 1976). We hypothesize that integrating germline allelic (i.e. genotypic) 

information with somatic amplification events could yield novel insights into the alleles that 

undergo selection during tumor evolution. 

 Associations between cancer risk alleles and somatic patterns are beginning to appear in 

the literature with increasing frequency, as discussed in Section 2.2.3.  One of the goals of our 

study is to perform a genome-wide query for relationships between the somatic and germline 

genomes.  We have developed a battery of statistical methods (ADT) to query tumor DNA data 

for preferential allelic amplification, as described in Chapter 4 and reported in (Dewal et al. 

2010).  These methods are designed to identify alleles that have likely been positively selected 

during tumor evolution within areas of copy number gain (see Figure 4.2).  ADT is robust to 

population stratification because the non-amplified homolog provides a perfectly matched 

control. 

 The recent National Cancer Institute-directed initiative, The Cancer Genome Atlas 

(TCGA; (Network 2008)), provides an ideal resource to test our hypothesis, furnishing SNP 

array data from multiple platforms across hundreds of glioblastoma multiformae tumors and 

matched normal samples. Since SNP arrays contain both the allelic and amplification 

information at hundreds of thousands of loci across the genome, the data are well-suited for our 

allelic distortion analysis. For each patient in the study, we made use of TCGA-generated SNP 

genotypes in the germline, as well as amplification status (generated on three separate probe 

hybridization-based platforms) and allelic amplification status for matched tumor DNA. 

5.2: Results 

TCGA recently published the first report from a pilot study of over 200 human glioblastoma 

samples (Network 2008). As part of that study, the tumor DNA was interrogated at some 1.8 
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million loci using the Affymetrix SNP array 6.0, over 236,000 loci using the Agilent CGH 

microarray 244A, and at about 550,000 loci using the Illumina HumanHap550 array. We 

restricted our analysis to the 178 individuals for whom both germline and tumor array data from 

the Illumina platform were available. From these data, we extracted allelic copy number on a 

SNP-by-SNP basis; that is, for each individual, we inferred amplification status at each SNP 

locus, also identifying the amplified alleles in amplicon SNPs. As shown in (Figure 5.1) (and 

observed in the TCGA manuscript), commonly (>5% of samples) amplified loci are restricted to 

several discrete ï but wide ï genomic regions. Such regions have a median length of 166 kb, and 

regions amplified in at least 15% of samples are usually even longer (median length 382 kb). 

Such broad regions of recurrent amplification can make it difficult to identify the target of these 

amplifications. 

 

Figure 5.1: Proportion of individuals (out of 178) amplified in the tumor, at each Illumina HumanHap550 

SNP.  The figure above depicts for each site, the fraction of individuals that possess amplification at that site.  Note 

that distinct peaks form on chromosomes 1, 4, and 12, indicating narrow recurring amplifications.  Chromosomes 7, 

19, and 20 suggest wide recurring amplifications spanning most of the chromosomes. 
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 From a statistical standpoint, although we apply our test statistics across the genome, the 

ADT is not a genome wide test in the conventional sense because statistical power is expended 

only in a fraction of the genome. In practice, we only test loci with an amplification frequency 

sufficiently large to detect allelic selection. The power to detect selected allelic amplification of a 

SNP depends on its amplification frequency as well as its heterozygosity rate in the sample set 

(Dewal et al. 2010). For example, in the ADT, only SNPs with at least nine heterozygote calls in 

amplified samples have a chance of achieving a nominal two-tailed P-value < 0.005. By deciding 

a priori that P-values above this level will not be considered significant in downstream analysis, 

we dramatically reduced the candidate loci under interrogation (Figure 5.2), decreasing the de 

facto number of SNPs to be tested by 91.9% from 547,458 to 44,132. This represents a far 

smaller multiple testing burden than in germline genome wide association studies (GWAS). Such 

reduction in testing burden improves our power to detect true effects. 

 

Figure 5.2: The number of individuals (out of 178) heterozygous in the germline and amplified in the tumor, 

at each Illumina HumanHap550 SNP.  This figure depicts, for each site, the number of individuals that are 

heterozygous in the germline and who possess amplification at that site in the tumor.  Note that the peaks in this 
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figure correspond with those in Figure 5.1.  Sites with a greater number of heterozygous calls will be better powered 

for the ADT test.   

 Figure 5.3a presents the amplification distortion signals for SNPs tested along the 

genome. The statistical association for all but the top-scoring SNPs closely follows the 

distribution expected under the null hypothesis (Figure 5.3b), attesting to the validity of the 

assumptions. Although no single SNP achieves genome-wide significance, our results do yield a 

larger number of SNPs with lower P-values than would be expected by chance. Specifically, 

given the distribution of amplified heterozygotes in our data, we would expect an average of 114 

SNPs to attain a P-value below 0.005 (95% confidence interval 98ï132) under the null 

hypothesis of no random allelic amplification (see Section 5.4.4: ADT, Permutation Analysis, 

and Quantile-Quantile (QQ-) Plot). In the actual data, 139 SNPs surpass this threshold (Table 

B1). This suggests that a subset of the SNPs among these top 139 is likely subject to selective 

allelic amplification. We checked the level of linkage disequilibrium (LD) these SNPs possess in 

HapMap CEU data (Table B1); 40 of these 139 SNPs are in strong LD in HapMap (r
2 
Ó 0.7) 

with at least one other SNP within this set of 40 (Table B1, Figure B1 ï Figure B3). Note that 

our permutation scheme preserves LD structure, so that blocks of SNPs in LD can jointly 

contribute much of the signal not only in the actual data, but also during each permutation. 

Therefore, the 139 SNPs are still indeed more than expected by chance. 
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Figure 5.3: Genome wide ADT analysis of 178 TCGA glioblastoma samples. Manhattan-style plot (A) of 

amplification distortion P-value (y-axis, log10 scale) along the genome (x-axis). Save for the strongest hits, the ADT 

statistic follows the distribution expected under the null hypothesis, as demonstrated by the quantile-quantile plot 

(B) of P-values (log10 scale). Only SNPs with nine or more amplified heterozygous samples are presented, to avoid 

effects of discrete probabilities in a small sample. 

 We should point out that one potential artifact arises from the fact that a germline copy 

number variant (CNV) gain might appear to be a somatic amplification when compared with the 

signal intensities from pooled normal samples. However, our methodology guards against this 

artifact in two ways. First, we call amplification in the tumor only if the intensity is greater than 
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that of all normal samples in the study (see Section 5.4.2: Calling Amplification ). Second, we 

call the amplified allele only if its allelic intensity is considerably larger in the tumor than in the 

matched normal (see Section 5.4.3: Calling the Amplified Allele). Finally note that, of our top 

139 SNPs, only 23 (16.5%) are harbored in gains reported in the Database of Genomic Variants 

(DGV) (http://projects.tcag.ca/variation/), and of these only 8 are reported in more than three 

individuals in the database. Therefore, it is quite unlikely that germline CNVs significantly 

contribute to the ADT signal. 

 To investigate whether certain classes of genes may be driving our signals, we mapped 

each of the top 139 SNPs to the nearest gene (within at most 100 kb), which yielded 73 unique 

genes (Table B1). All but 22 of the 139 SNPs fell within 100 kb of a transcribed region, and 53 

of the genes had single SNPs mapping to them. The largest number of significant SNPs mapping 

to the same gene was seven, all lying within the transcribed region of NSPR1 (see Table B1 for 

r
2 
LD values). We performed a gene ontology (GO) analysis (Ashburner et al. 2000) on the gene 

set to query for enrichment in specific annotations (see Section 5.4.5: GO Analysis). The 

control set of genes for such analysis deserves special attention in this study, as gene sets may be 

over represented among our signals simply because they are over represented in amplified 

regions. To distinguish the signal driven by genes undergoing allelic selection from that driven 

by more general (non-allelic) amplification, this analysis was conducted by comparing our gene 

set with genes harboring (or near) SNPs that are recurrently amplified in our data. Thus, any 

observed enrichment in GO terms is above and beyond that which is due solely to general 

somatic amplification. This analysis allows us to query for signals from the allele-specific 

selection, controlling for those due to somatic amplification alone. The results are shown in 

Table 5.1 and Figure B4. 

http://projects.tcag.ca/variation/
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Table 5.1: Gene ontology analysis results.  All terms showing enrichment (q-value < 0.1) among genes identified 

by ADT analysis, as compared to the reference set of recurrently amplified genes, are shown. 

GO Term P-value q-value Population Count Study Count 

positive regulation of protein kinase activity 9.03 ³ 10
-5
 0.0471 30 6 

phosphatase binding 3.20 ³ 10
-4
 0.074 6 3 

peptidyl-tyrosine phosphorylation 3.46 ³ 10
-4
 0.074 14 4 

synapse 6.24 ³ 10
-4
 0.0851 42 6 

positive regulation of catalytic activity 6.37 ³ 10
-4
 0.0851 76 8 

 

 Among our five significant (FDR q-value <0.1) GO enrichments is the cellular 

component term synapse (P = 0.0006). Of the 73 genes harboring (or very near) SNPs below the 

ADT threshold of P-value<0.005, six (CADPS2, CHRM2, CHRNA4, GRM8, MAGI2, and 

SNAP25) possess this annotation. Notably, the brain-related enrichment is independent of 

synapse related genes undergoing amplification in brain tumors, since general amplification is 

controlled for in this analysis. Therefore, the synapse annotation emerged strictly from the ADT 

selection signal among SNPs already in regions amplified in this brain-tissue tumor. This may be 

indicative of tumor selection for particular variants in these specific synapse-annotated genes. 

 Interestingly, the most significantly enriched GO terms (Table 5.1) were positive 

regulation of kinase activity (P = 9.03×10
ī5

; Benjamini-Hochberg corrected q-value 0.0471) and 

positive regulation of transferase activity (P = 0.000132; Benjamini-Hochberg corrected q-value 

0.0471). The six genes in our gene set associated with these GO terms are AGK, DGKB, EGFR, 

INSR, KIT, and RELN. Each of these genes is the closest to a single significant SNP, with the 

exceptions of EGFR with two such SNPs, and RELN with three such SNPs (see Table B1 for r
2 
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LD values). Furthermore (Table B1), each harbors one or more of the 139 SNPs within its 

transcribed region, with the exception of DGKB whose associated SNP is 66 kb downstream. To 

investigate the relative dependencies between the amplifications of these six genes, we examined 

the frequencies of their co-amplifications on a sample-by-sample basis (see Section 5.4.6: Gene 

Co-Amplification Analysis). Of the six, four (AGK, DGKB, EGFR, and RELN) are located on 

chromosome 7. As expected, amplifications of these genes tend to co-occur far more often than 

would be expected by random assortment (Fisher's exact test P <10
ī20

), largely due to the fact 

that amplicons often encompass most or all genes on the chromosome. The other two genes are 

located on chromosomes 4 (KIT) and 19 (INSR). Surprisingly, INSR is co-amplified with 

chromosome 7 genes in a statistically significant manner (Fisher's exact test P <10
ī6 

for co-

amplification with EGFR, odds ratio 14.2). On the other hand, KIT amplification is anti-

correlated with that of the genes on chromosome 7 (P = 0.05 for anti-correlation with EGFR, 

odds ratio 0.5).  Figure 5.4 provides an overview of the amplification association structure 

among these six genes. These correlation patterns may point to interdependent and/or alternative 

pathways that a tumor engages. 



73 

 

 

 

 

Figure 5.4: Heatmap of correlation, as measured by odds ratio estimates, between amplification status among 

six kinase/transferase activity genes showing signs of somatic allelic selection.  Values above one indicate 

amplification correlation, below one anti-correlation. Fisher's exact P-values are given in each heatmap pixel. 

 Given the preferential allelic amplification observed in some SNPs, we reasoned that an 

allele undergoing selection when amplified in a tumor may have an effect on disease risk as a 

germline predisposition variant. This principle has been previously demonstrated in mice 

(Nagase et al. 2003) and in humans (Tuupanen et al. 2008; Jones et al. 2009; Kilpivaara et al. 

2009; Olcaydu et al. 2009). We therefore compared our list of the top 139 SNPs from our ADT 

analysis with the 406 SNPs reported in a recent GWAS for glioblastoma (Wrensch et al. 2009). 

The rationale is that the variant that is selectively amplified in glioblastoma tumors may actually 

predispose the carrier to the initiation of the tumor, and thereby occur at a higher frequency in 

cases as compared to controls. 

 A pair of SNPs, rs4367471 and rs4132013 (r
2
 = 0.78 in CEU HapMap population, Table 

B1) within a single haplotype block (in the European populations) in an intron of the LHFPL3 

gene, appears on both lists. Permutation analysis shows that an overlap of two or more SNPs 
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between lists of these sizes (see Section 5.4: Materials and Methods) would be expected by 

chance only 2.1% of the time (P = 0.021). This is remarkable since the ADT makes use of no 

population control genotypes, while the GWAS study does not take tumor DNA into account. 

For both SNPs, the minor allele is overrepresented on amplified chromosomes (in the present 

study) and among glioblastoma cases (in the Wrensch et al. GWAS). Among 24 amplified 

heterozygotes for rs4367471 in our study, 20 amplify the minor allele (P = 0.0015), while 27 of 

32 amplified heterozygotes for rs4132013 amplify the minor allele (P = 0.00011). In the GWAS 

study, the rs4367471 minor allele frequency was 0.28 for glioblastoma cases, as compared to 

0.23 for the disease-free controls (P = 0.00022). Similarly, the rs4132013 minor allele frequency 

was 0.24 for cases as compared to 0.19 for controls (P = 0.00042). The odds ratios were 1.28 for 

both SNPs after adjusting for population structure with the Eigenstrat software (Price et al. 

2006). 

 The selective advantage gained by a cell amplifying a specific allele of a gene may be 

acting through direct changes in a gene product (e.g., a missense SNP) or by regulatory changes 

that modulate the quantity of gene product. The latter option is a testable hypothesis ï it predicts 

that the amplification of the selected-for variant will be associated with elevated transcript 

expression levels. To investigate whether any of the detected signals of selected allele-specific 

amplification associates with expression, we integrated the expression data from the tumor 

samples with the genotype and amplification status. We considered Affymetrix U133A 

expression array data from the 154 individuals in our sample set for which the data was available 

from the TCGA website. Our list of top SNPs includes 65 whose nearest (as measured by base 

pair distance to transcribed region) gene is represented on the expression array. Of the 65 SNPs, 

only 28 had at least 5 examples of each SNP allele being amplified among the 154 samples, and 
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were thus available for testing this association. Topping this list of 28 SNPs were rs6959338 and 

rs13222385, intronic variants in DOCK4 (chr 7q31.1) and EGFR (chr 7p11.2), respectively: 

rs6959338 shows amplification of the T allele over the C allele in 33 of 41 amplified 

heterozygotes (P = 1.1×10
ī4

); rs13222385 amplifies the G allele over the A allele in 35 of 45 

amplified heterozygotes (P = 2.5×10
ī4

). Intriguingly, the expression data shows statistically 

significantly higher expression in samples amplifying the selected-for allele than in those 

amplifying the other allele (Figure 5.5) in both DOCK4 (P = 0.027) and EGFR (P = 0.015). To 

pursue this idea further, we tested the expression levels of the genes immediately flanking EGFR 

and DOCK4 for association with amplification of the selected-for alleles. We were interested to 

discover that LANCL2, a gene 158 kb downstream from EGFR, has statistically significantly 

higher expression in rs13222385 heterozygotes amplifying the G allele than those amplifying the 

A allele (P = 0.0371). Taken together with the SNP's association with EGFR expression levels, 

this finding could point to a regulatory element, such as an enhancer for the allele or a linked 

variant. 
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Figure 5.5: Selective allelic amplification and expression of SNPs in DOCK4 and EGFR.  The SNP rs6959338 

in DOCK4 shows preferential amplification of the T allele (upper left), as well as higher expression levels in 

samples amplifying T instead of C (upper right). Similarly, rs13222385 shows preferential allelic amplification 

(lower left) and expression (lower right). 

5.3: Discussion 

We have applied a novel genome wide approach to identify genetic variants that are 

preferentially selected, via amplification, during tumor evolution. The ADT approach is 

statistically rigorous and is robust to the confounding effects of population stratification. The 

non-amplified chromosomal homolog provides the ideal matched control for the amplified 

homolog, as it comes from the same individual. Although no single SNP individually achieves 

genome-wide significance under the ADT (likely due to a lack of power owing to limited sample 
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size, according to Chapter 4 and (Dewal et al. 2010)), our data does show enrichment in strong 

ADT signals as compared to chance.  

 Our integrated analysis of genes harboring (or near) SNPs undergoing apparent allelic 

selection has revealed intriguing pathways and annotations. As revealed by the GO analysis, 

many of the variants showing ADT signals with P-values <0.005 are located within genes related 

to kinase activity. The fact that both the EGFR and KIT kinases reach statistical significance is of 

particular interest. KIT expression is often observed in gliomas, and imatinib (which is known to 

inhibit c-Kit) is currently being evaluated in clinical trials (Gomes et al. 2007; Holtkamp et al. 

2007; Sihto et al. 2007; Razis et al. 2009; Reardon et al. 2009). The correlation/anti-correlation 

relationships among these implicated genes may highlight glioblastomas that utilize different 

pathways and may therefore represent distinct subtypes of tumors that may be clinically relevant 

as has been recently described (Verhaak et al. 2010). 

 We also observed particular instances of the selectively amplified alleles driving higher 

expression in DOCK4 and EGFR. DOCK4 was originally isolated in a screen to identify 

homozygous genomic deletions during tumor progression in a mouse model and is part of a 

larger family of atypical guanine exchange factor (GEF) for Rho family GTPases (Yajnik et al. 

2003). Rho GTPases are highly conserved molecular regulators of cytoskeletal dynamics and 

influence many cellular processes including cell polarity and migration (Heasman and Ridley 

2008). Interestingly, it has been previously shown that suppression of DOCK4 RNA reduces 

dendritic growth and branching in hippocampal neurons, while overexpression enhances these 

processes (Ueda et al. 2008). Moreover, increases in Dock180 levels, another Dock family 

member, enhanced migratory and invasive capacity in vitro, while inhibition of expression 

significantly reduced glioma cell invasion in vitro (Jarzynka et al. 2007). Therefore, we speculate 
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that DOCK4 influences the invasive potential of gliomas and that the DOCK4 alleles may 

differentially modulate this potential. The role of EGFR in glioma biology is well established 

(Huang et al. 2009) (and references therein). Somatically acquired mutations of EGFR are 

commonly (~40%ï50%) observed in gliomas, and the EGFR pathway is commonly targeted in 

this disease (Wong et al. 1987; Ekstrand et al. 1992; Mellinghoff et al. 2005; Ohgaki and 

Kleihues 2007; Brandes et al. 2008; Network 2008). Our results further substantiate the 

importance of EGFR and demonstrate that particular alleles play important roles in determining 

EGFR expression levels. It will be of interest to study if expression differences in this gene lead 

to amplified or diminished phenotypic consequences. Indeed, a recent article demonstrates that 

subtle alterations in expression levels can lead to dramatic phenotypic consequences (Alimonti et 

al. 2010). 

 The apparent selection of specific inherited alleles when amplified is consistent with 

several biological interpretations. The data can be considered in the context of Knudson's two-hit 

hypothesis (Knudson 1971) in that the associated SNP alleles are inherited variants (or capture 

variants via linkage disequilibrium) that provide a selective advantage when amplified. Indeed, it 

has been demonstrated that inherited alleles of a locus (e.g., the Arg72 and Pro72 variants of 

TP53) can have differential mechanistic effects (e.g., apoptotic potential) (Dumont et al. 2003). 

Another explanation is that cis- acting germline determinants influence the acquisition of somatic 

mutations, which are subsequently acted on by selection. Elegant experiments supporting this 

hypothesis in mice and humans have recently been published (To et al. 2008; Jones et al. 2009; 

Kilpivaara et al. 2009; Olcaydu et al. 2009). Third, one may hypothesize that a somatic mutation 

provides a selective advantage only when amplified on a specific haplotypic background, or is 
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selected against if the mutation arises on other allelic backgrounds; that is, only certain alleles 

will tolerate the somatic mutation. 

 Since selection implies function, the loci identified in this study are high-priority 

candidates for further investigation. The results may provide a way to rationally identify 

subtypes of cancers that are driven by distinct risk loci. If this is the case, then genome wide 

association studies for cancer risk may benefit from typing matched tumor DNA samples, in 

addition to germline DNA, and performing an integrative analysis. Alleles that do not affect risk 

predisposition may still yield important clues with respect to acquired tumor traits, such as 

angiogenesis, tissue invasiveness, evasion of apoptosis, etc. Functional studies, such as allele 

specific RNA interference for protein coding regions or somatic cell knock-in of alleles, may 

shed light on the mechanistic consequences of the alleles. 

 In summary, we demonstrate that integrating information from germline and tumor 

genomes can reveal aspects of tumor biology that are not readily identified by studying each 

genome in isolation. 

5.4: Materials and Methods 

5.4.1: Data Sets 

We obtained glioblastoma array data (GBM Publication Data Freeze) from the ftp site of TCGA. 

We utilized three different data types ï germline genotypes, amplification status, and allelic 

imbalance ï from various hybridization-based platforms, downloaded from the TCGA ftp site. 

First, germline SNP genotypes (Illumina platform) for all normal samples were obtained. 

Second, we accessed copy number segmentation data (from Affymetrix SNP array 6.0, Illumina 

HumanHap550, and Agilent CGH array 244A) for tumor samples, providing genomic regions for 

each individual that are inferred to have constant copy number along with the estimated ñrawò 
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(non-integer) copy number of that segment. Third, we obtained the raw allelic A and B signals 

for all samples (Illumina BAF measure), tumor and normal. This provides a raw measure of 

allelic imbalance, commonly termed the ñB allele frequencyò (BAF), defined as: 

 BAF = (Bsignal) / (Asignal + Bsignal) 

We also obtained Supplementary Table 7 from the Wrensch et al GWAS (Wrensch et al. 2009) 

which lists 406 SNPs with p < 0.001 for association with high grade glioma comparing cases 

from San Francisco Bay Area Adult Glioma Study, 1997ï2006 (AGS) and the Cancer Genome 

Atlas (TCGA) to AGS and Illumina controls (iControls). 

5.4.2: Calling Amplification  

For each of the three platforms (Affymetrix, Agilent, and Illumina), we first inferred 

amplification at all 1.3 million autosomal SNPs represented by the Affymetrix and Illumina 

arrays combined, as follows. First, for each sample, all SNPs harbored in each genomic segment 

from the sample's copy number segmentation file (see above) are assigned that segment's raw 

copy number. A SNP is called amplified by the platform in a tumor sample if its raw copy 

number in that sample exceeds its raw copy number in all normal samples. This conservative 

amplification calling procedure accounts for local probe intensity effects, and avoids miscalling 

germline copy number variants as somatic amplifications. Note that this procedure, while 

conservative, is designed to include single-copy gains as well as high-level amplification events. 

Finally, for all downstream analyses, a sample is considered to harbor an amplification at a SNP 

if it is called amplified by at least two of the three platforms. 
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5.4.3: Calling the Amplified Allele 

For each SNP, we restrict the remainder of our analysis to individuals that are both heterozygous 

in the germline and amplified in the tumor at the SNP site. For each of these samples, we aim to 

determine which of the two alleles is amplified. Towards this end, we exploit the BAF measure 

described above. Since each sample is heterozygous in the germline, we expect the SNP's BAF 

measure to be near 0.5 in the germline. A tumor BAF larger than 0.5 is indicative of B allele 

amplification, and a BAF smaller than 0.5 is indicative of A allele amplification. However, bias 

in A and B intensity measures can result in deviations from these expectations. We therefore rely 

on the deltaBAF measure, defined as: 

 deltaBAF = BAFtumor ï BAFmatched_normal 

The expectation here is that A (respectively, B) allele amplification will result in a negative 

(respectively, positive) deltaBAF value. To avoid erroneous deltaBAF calls due to noisy probe 

intensities, we only have confidence in allele calls where |deltaBAF| > 0.05. That is, for 

heterozygous (in the germline) samples that are amplified (in the tumor), we call A allele 

amplification if deltaBAF < ī0.05 and B allele amplification if deltaBAF > 0.05. 

5.4.4: ADT, Permutation Analysis, and Quantile-Quantile (QQ-) Plot 

ADT and the permutation procedure follow that described in Section 4.2: Methods.  For the 

ADT test, these simulations produced an average of 114 SNPs (95% confidence interval 98ï132) 

surpassing the 0.005 threshold. For the qq-plot, the qth null P-value quantile was estimated by 

averaging the qth quantiles of P-values from 1000 permutations. Finally, the significance of the 

overlap between the ADT SNPs and the Wrensch et al GWAS SNPs was assessed by permuting, 

1000 times, and retaining the 139 most significant SNPs for each permutation (since our actual 

data generated 139 top SNPs). These number of SNPs in each permutation that intersected with 
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the Wrensch list was tallied for each permutation, which yielded the expected distribution 

expected by chance. 

5.4.5: GO Analysis 

For our GO analyses, we compared the gene list with a ñgene universeò comprised of all genes 

that had any a priori chance of demonstrating preferential allelic amplification, at the P<0.005 

nominal level, in our data. For a given gene, this depends upon many factors, including 

amplification frequency and allele frequencies of nearby array SNPs. We restricted the gene 

universe to genes that were within 100 kb of a HumanHap550 array SNP that is heterozygous 

and amplified in at least nine of our samples. This is reasonable, as these are the only genes (by 

definition) that have an a priori chance of having an associated SNP with ADT P-value below 

0.005. This left 2696 genes as a reference set. Using the Ontologizer (Bauer et al. 2008) 

software, we assessed our gene lists for enrichment in GO terms, as compared with this reference 

gene universe, using the Term-For-Term method and Benjamini-Hochberg correction. 

5.4.6: Gene Co-Amplification Analysis 

For each pair of genes, we constructed a 2×2 table of counts for number of samples in each 

category of amplification/non-amplification status for each gene. Using this table, we computed 

the odds ratio estimate for correlation between amplification of the genes, and assessed its 

significance using Fisher's exact test. For genes X and Y, this corresponds to the ratio of the odds 

of gene X being amplified in a sample with gene Y amplified to the odds of gene X being 

amplified in a sample without gene Y amplified. 
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5.4.7: Incorporating Expression 

Expression levels from the Affymetrix 133A array were downloaded from the TCGA website. 

For each gene/SNP combination, expression differences between samples expressing each of the 

two alleles were computed using the non-parametric Wilcoxon rank sum test. The test was one-

sided, since there was an a priori hypothesis that the preferentially amplified allele would result 

in a higher expression level. 
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Chapter 6. Calling Amplified Haplotypes in Next Generation Tumor 

Sequence Data 

Integrated examination of inherited variation and somatic alterations holds the potential to reveal 

specific nucleotide alleles that a tumor ñprefersò to have amplified.  Next-generation sequencing 

of tumor and matched normal tissues provides a high-resolution platform to identify and analyze 

such somatic amplicons.  Within an amplicon, examination of informative (e.g. heterozygous) 

sites deviating from a 1:1 ratio may suggest selection of that allele.  A naïve approach examines 

the reads for each heterozygous site in isolation; however, this ignores available valuable linkage 

information across sites.  We therefore present a novel Hidden Markov Model-based method ï 

Haplotype Amplification in Tumor Sequences (HATS) ï that analyzes tumor and normal 

sequence data, along with training data for phasing purposes, to infer amplified alleles and 

haplotypes in regions of copy number gain.  Our method is designed to handle rare variants and 

biases in read data.  We assess the performance of HATS using simulated amplified regions 

generated from varying copy number and coverage levels, followed by amplicons in real data.  

We demonstrate that HATS infers the amplified alleles more accurately than does the naïve 

approach, especially at low to intermediate coverage levels and in cases (including high 

coverage) possessing stromal contamination or allelic bias. 

 Open- and controlled-access data from The Cancer Genome Atlas (TCGA) were used in 

this manuscript and are available at (http://tcga-data.nci.nih.gov/tcga/, dbGaP study accession 

number: phs000178.v4.p4).  Data from the 1000 Genomes project were also used in this paper 

and are available at (http://www.1000genomes.org).  The HATS Java source code, as well as 

instructions to build and run the software, is available at (http://tumorhats.sourceforge.net/). 
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6.1: Introduction 

Genetic variation in the form of somatic alteration (e.g., copy number alterations, mutations, 

translocations) and inherited polymorphisms provide the raw material for the acquisition of 

tumor related traits.  Copy number aberrations (CNAs) ï regions of somatic amplification or 

deletion ï are a hallmark of tumor genomics.  Genome-wide scans of CNAs have progressed in 

resolution from technologies such as traditional comparative genomic hybridization (CGH) to 

array-based CGH (Solinas-Toldo et al. 1997; Bentz et al. 1998), including tiling array CGH 

(Ishkanian et al. 2004) and single nucleotide polymorphism (SNP) arrays (Wang et al. 1998; Lin 

et al. 2004).  Finally, the recent introduction of high throughput, next generation (ñnext-genò) 

sequencing technologies now offers tremendous opportunities in characterizing genomes ï 

healthy or disease-affected ï at the nucleotide level of resolution.  CNA regions (as well as 

CNVs) can thus be detected via depth of reads generated from this technology (see Section 

2.4.3: Next Generation Sequencing).   

 CNV detection on more matured platforms, such as arrays, was oftentimes performed 

using a key computational tool called the Hidden Markov Model (HMM).  HMMs have been 

widely used in technical areas, such as in speech recognition (Baker 1975) as well as in 

genomics (Durbin 1998; Yoon 2009).  An HMM is a probabilistic graphical model that enables 

the inference of latent causes given an observed sequence of events.  Structurally, these latent 

causes are modeled as hidden ñstatesò that each emit probabilistic observations and that 

transition probabilistically to other such hidden states next in the sequence.  The actual sequence 

of observations allows for the inference of the sequence of hidden states.  For example, observed 

signal intensities enabled the inference of states that represented particular levels of copy number 

(Shah et al. 2006; Wang et al. 2007; Korn et al. 2008; Liu et al. 2010). 
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 In addition to CNAs, inherited single point polymorphisms are clearly related to cancer 

biology and confer risk to cancer predisposition.  Next-gen sequencing is able to reveal rare 

single nucleotide variants (SNVs) in addition to the common SNP variants. 

 Since the somatic genome is a descendent of the germline genome, recent studies have 

explored the relationships between these distinct, but related genomes (see Chapter 3: 

Hypothesis).  As presented in Chapter 4 and Chapter 5, a particular heterozygous locus in a 

tumor may ñpreferò to have one allele amplified over another; integrating both somatic copy 

number and germline polymorphism data can directly test this hypothesis.  In order to robustly 

perform this type of analysis genome-wide, both copy number and allelic status must first be 

accurately measured; several existing algorithms do this on SNP arrays (Nannya et al. 2005; 

Komura et al. 2006; Laframboise et al. 2007; Korn et al. 2008).  The higher resolution, coverage, 

and larger dynamic range of next-generation sequencing platforms now compel us to address 

such integration questions on tumor sequence data.  As a first step, we must analyze the data to 

determine those nucleotide alleles ï either the reference alleles or single nucleotide variants 

(SNVs) ï that are amplified within CNA regions. 

 We present a novel method for analyzing next-gen sequencing data in order to distinguish 

the amplified from the non-amplified alleles within tumor CNA regions, which themselves can 

be identified beforehand from the same data.  We assume that only one of the chromosomes in a 

homologous pair undergoes amplification along an amplicon, as the majority of amplifications 

were observed to be mono-allelic versus bi-allelic in earlier work (LaFramboise et al. 2005).  As 

we later show, the statistical signal for allelic imbalance of amplification that is coming from a 

single heterozygous site is often inconclusive due to limitations of coverage, sequencing bias, 

and stromal contamination.  We therefore collate information from multiple heterozygous sites 
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by leveraging the known structure of linkage disequilibrium (LD) between these variants within 

the population being interrogated.  Specifically, we develop a Hidden Markov Model (HMM)-

based approach, called Haplotype Amplification in Tumor Sequences (HATS), that reports the 

amplified alleles, and thus haplotypes, in the tumor sample based on the following sources of 

information: i) coordinates and copy number of CNA regions in a tumor sample called by 

existing methods, ii) allele-specific counts of reads from tumor and matched normal sequences 

(when available) corresponding to those regions (Li et al. 2009), iii) genotype calls of sites 

within those regions, and iv) independent training data consisting of phased haplotype sequences 

from the same population as that of the sample.  This training data provides linkage 

disequilibrium information across sites, allowing for potentially more accurate haplotype 

construction versus examining each site in isolation.  In contrast to prior work based on SNP-

array data (Chapter 4) (Dewal et al. 2010), HATS is able to handle information made 

specifically available by sequence data, such as variants that are rare or are of low frequency in 

the population, including novel SNV sites or somatic mutations not represented in the training 

data.   

 This chapter provides a formal description of HATS, assesses the methodôs sensitivity in 

detecting amplified haplotypes within called amplicons, and compares its sensitivity with that of 

an alternative, naïve approach.  This is done using a variety of synthetic datasets that represent 

hypothetical tumor data and using real tumor data obtained from The Cancer Genome Atlas 

(TCGA) (Network 2008).  Results emphasize that HATS performs better than its naïve 

alternative more than 99% of the time.  The performance gain is especially prominent at lower to 

intermediate levels of average coverage, as well as in cases (including high coverage) in which 

stromal contamination or allelic biases are present.  
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6.2: Methods 

6.2.1: Naïve Model Parameters and Input Data Specifications 

 We denote the read count for allele x Í { 0, 1} at a genomic site i (a potential SNV site) in 

the tumor sample of individual j by rx.  Formally, rx would be indexed as r i,j,x, though indices for 

the site and individual are omitted for simplicity in the running text when clear from context.   In 

the set of regions amplified in this sample, we consider each amplicon a in turn and denote its 

boundaries by -
a

i  and +

a
i . At an amplified heterozygous site ],[

+-
Í

aa
iii , it is meaningful to ask 

which allele is amplified.  A naïve model for calling the amplified allele would simply choose 

the allele for which a greater number of reads is observed, denoted as arg-maxx{ rx} .  A call is 

avoided in case of a tie.  

 With a probabilistic view in mind, rx is a value of a random variable Rx ~ Poisson(ɚx), 

where ɚx represents the site-, individual- and allele-specific expectation for the number of tumor 

reads. This formulation interprets the naïve call as choosing the allele for which the maximum 

likelihood estimate of ɚx is greater.  This model makes use of no input data other than rx and calls 

sites along the amplicon a independently of one another.  It thus serves as a suitable performance 

baseline against which HATS can be compared. 

6.2.2: HATS Model Parameters 

 The contribution of this manuscript involves recovering the amplified allele based on a 

more careful modeling of ɚx.  Specifically, ɚ0 and ɚ1 are assumed to be proportional to the 

number of copies of the respective alleles at site i in the tumor sample j at hand.  We denote 

these numbers, or tumor genotype calls, by G0 and G1, respectively.  The total copy number 

10
GGC

a
+=  at site i is greater than two in an amplicon a, and our task of identifying the 
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amplified allele is tantamount to distinguishing between the cases )1;1(
10
=-= GCG

a
 and 

)1;1(
10

-==
a

CGG .  Furthermore, ɚx is assumed to be proportional to ȿ, the average haploid 

coverage of the sequenced tumor j; ȿ is a sample-specific quantity that depends on the 

sequencing resources invested in the data for that tumor.  Lastly, next-gen sequencing reads are 

known to be often biased towards particular nucleotides (Bentley et al. 2008; McKernan et al. 

2009).  Therefore, a realistic and general model for ɚx needs to account for such a site-specific 

(versus sample-specific) phenomenon.  Our model then assumes this parameter is proportional to 

an allelic bias factor bx local to this site.  In summary, including site- and sample-specific 

subscripts (i, j) for completeness of the formal equation: 

xixjijxji
bG

,,,,,
ÖÖL=l                                   (1) 

 Note that by modifying the Poisson mean ȿ via bx, the model accommodates for genome-

wide overdispersion in which the variance in read counts may exceed the expected variance (also 

ȿ).  Overdispersion in general may result from a positive correlation between events (Robinson 

and Smyth 2008) (e.g. overlapping reads covering a common interval) or from differing expected 

numbers of reads at different sites (Bentley et al. 2008; McKernan et al. 2009).  Since each site 

may possess a unique bias bx, the site- and allele-specific Poisson mean ɚx may also be unique at 

each site i in sample j.  The combination of the varying ɚx across sites effectively implements the 

negative binomial (NB) genome-wide.  Existing methods estimate and use the NB distribution 

directly to model overdispersion in other types of sequencing data, such as in RNA-seq (Anders 

and Huber 2010; Robinson et al. 2010) and ChIP-seq (Anders and Huber 2010). 

 The definitions of ɚx, Gx, and Ca easily generalize to homozygous sites (where Gx = Ca 

for one of the alleles and Gx = 0 for the other) as well as copy neutral sites (Ca = 2).  

Furthermore, we consider the sequencing of not only the tumor, but also of matched normal 
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samples of the corresponding individuals (denoted by operator 
~
).  Our model analyzes a tumor 

amplicon a only if the corresponding region in the matched normal is copy neutral, thus 

preventing germline CNVs from confounding the analysis.  Read counts 
x

r
~  for normal samples 

are analogously defined, as are variables:  )
~

(~
~

xx
PoissonR l , where 2

~~~
10
=+= GGC

a
, and: 

xixjijxji
bG

,,,,,

~~~
ÖÖL=l

                    
(2) 

 The genotype call at a site is in fact comprised of the haplotype calls at that site.  We aim 

to distinguish the two haploid copies of the genome giving rise to the tumor genotype call.  

Within an amplicon a, we assume one of the haplotypes is (A)mplified while the other is (U)n-

amplified (LaFramboise et al. 2005).  We formally represent these ground truth haplotypes as 

binary strings 
A

a
q  and 

U

a
q , respectively, each listing the alleles along its sequence.  We define the 

complement operator for allele x such that 10 =  and 01 = .  At a particular site ],[
+-

Í
aa

iii , we 

denote by 
y

x
H  the

 
number of copy neutral copies (zero or one) of x along 

y

a
q , where },{ UAyÍ ; 

this is depicted in Figure 6.1A.  Naturally, the tumor genotype call for an amplified allele x sums 

the copies on both haplotype calls, with amplification of a particular haplotype call represented 

by multiplication with a constant (Ca ï 1) :   

U

xji

A

xjiaxji
HHCG

,,,,,,
)1( +-=            (3) 

The tumor genotype call for a non-amplified allele x  is similar:  

U

xji

A

xjixji
HHG

,,,,,,
+=                          (4)

 

For the matched normal, the genotype call sums the copies of two non-amplified haplotype calls, 

as per the requirements of copy neutrality (see Figure 6.1A):  

ä=
U

xjixji
HG

,,,,

~~

                             
(5) 
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Figure 6.1: Parameter Definition Depictions, Haplotype, Genotype, and Integrated HMM.  The left half of the 

figure depicts the definitions of several model parameters, while the right half depicts examples of the four HMM 

models.  (A) Model parameters are depicted for a heterozygous or homozygous site i in tumor and matched normal 

tissues for sample j.  For a particular genotype call within a tissue, a diagram of the call is depicted, along with the 



92 

 

 

 

corresponding H and G parameters.  For example, for a heterozygous call within a tumor, the amplicon a (containing 

i) from the tumor is shown, depicting the amplified haplotype (with allele x amplified) within the red frame and non-

amplified haplotype (allele x ) within the blue frame.  The haplotypes emit their respective H values per site, 

followed by the definitions of the G values for each allele.  Both H and G should be additionally subscripted by i and 

j formally, but these subscripts are excluded for simplicity sake.  For the amplified haplotype in red, 
A

x
H = 1 since x 

is present (and amplified), while 
A

x
H = 0 since x  is not present within that haplotype at i.  For the non-amplified 

haplotype in blue, 
U

x
H  = 1 since x  is present (and not-amplified), while 

U

x
H = 0 since x is not present within that 

haplotype at i. (B) Represents an example of the haplotype HMM for the amplified haplotype.  Each state contained 

within a red frame represents a candidate amplified haplotype.  Green boxes represent x while yellow boxes 

representx .  The H symbols emitted from a state correspond to the last allele in the haplotype represented by the 

state, as depicted by the dotted vertical arrows.  The haplotype lengths generally grow from left to right due to 

addition of an allele at the current t.  Note that at (t = 3), most states represent haplotypes of length 3, with the 

exception of the topmost state, which represents a haplotype ƴƴ of length 2.  This haplotype merges two 3-SNP 

haplotypes ƴƴƴ and ƴƴƴ  because they both are singletons in the training data.  Both states ƴƴ and ƴƴ at t = 2 thus 

transition to state ƴƴ at t = 3. (C) Represents the haplotype HMM for the non-amplified haplotype.  Note that it is 

identical to B except for the differing emitted symbols.  (D) Represents the genotype HMM that is the cross-product 

of the haplotype HMMs.  For each pair of haplotypes, the amplified haplotype is depicted above the non-amplified 

haplotype within red and blue frames, respectively.  Each pair of haplotypes inherits the H values from their 

respective haplotype HMMs.  (E) Represents the translated HMM upon incorporating the model data.  Note that 

while the structure remains unchanged, the emitted symbols are translated from the H values to the read counts.  The 

rx variables should also include subscripts i and j for formal correctness, which were omitted here for simplicityôs 

sake. 

6.2.3: HATS Hidden Markov Model  

We use an accepted model of human variation (Kimmel and Shamir 2005; Rastas et al. 2005; 

Eronen et al. 2006; Browning and Browning 2007; Sun et al. 2007b), presenting haplotypes 
A

a
qĔ  
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and 
U

a
qĔ  as the output of two respective haplotype HMMs V

A
 and V

U
, which we detail below.  We 

take a Cartesian product of the two haplotype HMMs to define a genotype HMM, for which the 

genotypes are the output.  The read counts rx are a probabilistic function of these genotypes, as 

explained above. HATS entails deciphering, for each site and sample, the likelihood of states 

within this genotype model, and then choosing the allele most likely to have been amplified.  An 

overview of the model is provided in Figure 6.1B ï Figure 6.1E. 

6.2.3.1: Haplotype HMM 

 In detail, the haplotype HMM 
y

V is a state machine with probabilistic transitions and 

deterministic emissions.  The states and transitions follow the haplotype models used by 

computational phasing algorithms for SNP array data (Kimmel and Shamir 2005; Rastas et al. 

2005; Eronen et al. 2006; Browning and Browning 2007; Sun et al. 2007b).  In a similar vein, we 

locally phase the tumor sequence data based on read counts in the sample data and haplotype 

counts in population-relevant training data. 

 The ñtime pointsò of 
y

V consist of the set of sites i1, i2, é, iM located within the amplicon 

a coordinates that are polymorphic (i.e. include a non-reference allele call) in the germline of the 

training data.  Sites that are monomorphic in the training data do not provide information 

regarding the amplified allele and need not be analyzed here.   Each time point t in 
y

V  maps to a 

genomic site i t and is associated with a set of HMM states y

t
S .  Each s Í y

t
S  is labeled by a 

binary string
 s
h , which represents a candidate local haplotype for polymorphic sites i t-l(s)+1, é, it 

where l(s) = | s
h |.  State s emits 

y

x
H

 
values deterministically depending on s

h [l(s)], the last 

symbol in s
h : 

y

x
H = 1 for )]([ slhx

s
=  and 

y

x
H = 0 for the complement allele.  For every s Í y

t
S  
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in which t > 1, there exists at least one sĔ Í y

t
S

1-
 that transitions to s such that they are consistent: 

the prefix of s
h of length (l(s) ï 1), denoted as 

*

s
h  , is a suffix of s

h
Ĕ.  This relationship can be 

visualized in Figure 6.1B ï Figure 6.1C.  Transitions are allowed only between consistent 

states. 

 Any of the multiple methods for learning a haplotype HMM from training data may be 

employed to choose lengths of state labels s
h and transition probabilities between a pair of 

consistent states.  We implemented a simple such method, which relies on counts of s
h  in the 

training (D)ata ending at t ï denoted by )(
st

hD .  The concept behind this is that at a given locus, 

a germline haplotype of a tumor sample is assumed to be identical to one of the training 

haplotypes, randomly switching the training sample that is locally identical to the tumor 

haplotype along the genome.  This concept is a standard in germline genetics (Stephens et al. 

2001; Scheet and Stephens 2006; Browning and Browning 2007).  The candidate haplotype label 

of s is thus tested for such a local matching.  We enforce s
h labels to be as long as possible while 

maintaining )(
st

hD Ó min(2, l(s)).  This constraint prevents creating labels that are void in D or 

labels of length > 1 that are singletons in D (to prevent overfitting), while on the other hand 

allowing labels of length 1 that represent rare or low frequency single nucleotide variants in D.  

The length of state labels thus trades off accuracy of training vs. overfitting. 

 The transition probability between consistent states sĔ and s is set as a Dirichlet prior 

based on )(
st

hD : 

Pr( s
h |

*

s
h ) = 

)(

)(

*

1 st

st

hD

hD

-

 ,   if l(s) > 1                            (6) 

 = freq( s
h , D, t) , if l(s) = 1 and )(

st
hD  Ó 1 
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 The function freq() represents the haplotype frequency of s
h in D ending at t.  Recall that 

we never encounter the case in which |s
h | = 1 and )(

st
hD  = 0, as we ignore sites monomorphic 

in D.  Such sites that are polymorphic only in the test sample data (rare variants or somatic 

mutations) are handled external to the HMM and are described in the section Sample-specific 

Polymorhpic Sites below. 

6.2.3.2: Genotype HMM 

We construct a genotype HMM V by cross-multiplying V
A
 and V

U
 (see Figure 6.1D).  The M 

time points remain unchanged.  At a given t, the set of states is the Cartesian product 

U

t

A

tt
SSS ³= .  Thus, for each 

t

UA
Ssss Í= ),( , A

t

A
Ss Í and U

t

U
Ss Í .  State s thus inherits its 

labels, denoted as ),(
U

s

A

s
hh , from its component states.  Likewise, s inherits the 

y

x
H  values (over 

all y and x), which it emits deterministically.  The transition probability from 
1

)Ĕ,Ĕ(Ĕ
-

Í=
t

UA
Ssss  

to s is the product of the transition probabilities to the component states of s: 

Transition Probability of sĔ to s = )|Pr()|Pr(
** U

s

U

s

A

s

A

s
hhhh ³      (7) 

6.2.3.3: Integrated HMM 

Our model for the read data is a new HMM V
+
 that is a replica of V, adding stochastic emissions 

on top of it (see Figure 6.1E).  For each state s Í +

t
S , the emitted symbols are instead the read 

counts rx for each allele x.  Each s is still labeled with ),(
U

s

A

s
hh  and inherently represents the 

y

x
H  

values (over all y and x).  Assuming Ca is known beforehand and that bx is calculated, parameters 

Gx and ɚx can be calculated from 
y

x
H (over all y and x).  The emission probability for s is the 
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probability of observing rx, assuming an underlying Poisson distribution for the read counts at 

site i t with mean ɚx.  It is calculated on the Poisson distribution as:  

Emission Probability at s = ( )Ô
=

1

0

,,,,
;Pr

x

xjixji
r l         (8) 

6.2.3.4: HMM Deciphering Algorithm to Call the Amplifie d Allele 

The ultimate goal of the HMM is to decipher which allele x is amplified at t.  Towards this end, 

we apply the forward-backward algorithm on V
+
, resulting in a probability P(s) for each state in 

V
+
.  Let 

+

xt
S

,
 Ì +

t
S  represent those states whose amplified haplotype labels 

A

s
h  end in x, or more 

formally, whose 
A

s
h

 
labels possess x as the last symbol.  HATS computes the total likelihood for 

each allele x by summing over the relevant P(s) values: 

ä +
Í

=
xtSst

sPxL
,

)()(         (9) 

HATS finally reports the most likely such x to have been amplified at t via: arg-maxx{ Lt(x)}.   In 

the case of a tie, HATS designates Å as the amplified allele at t to reflect this ambiguity. 

6.2.3.5: Input  Data Specifications 

HATS jointly considers input regarding n tumor and matched normal samples (1 Ò j Ò n). 

Specifically, input data corresponding to a particular sample j includes the input data from the 

naïve model, in addition to:  

1) Ca (> 2, obtained by preprocessing with a copy number calling algorithm (Chiang et al. 

2009) or typing the sample on another platform, e.g. array CGH)  

2) ȿ  and L
~

 (calculable beforehand)  
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3) 
x

r
~  and 

x
G
~

 for all i in each of the n samples that are copy neutral at i, with the constraint 

that i resides in amplicon a in sample j 

4) Genotypes from the tumor of individual j that do not take copy number into account 

 The latter two are obtainable via a genotype caller component from an alignment 

algorithm (Li et al. 2009).  The third input specification ï read counts from each i within copy 

neutral regions in tumor and matched normal samples, such that i resides in an amplicon in at 

least one of the n input tumor samples ï allows for calculation of the site-specific bias factor bx 

(See 6.2.4: Estimating Model Bias Parameters from Data).   

 Oftentimes, matched normal data is available only for a subset of the samples.  HATS 

can still calculate bx in this case with the drawback of potentially reduced power.  If no matched 

normal samples are available, HATS may still calculate bx with corresponding copy neutral 

regions in the tumor sample set if available; otherwise, bias is ignored.  If bx cannot be estimated 

accurately for such reasons, the genome-wide overdispersion from the Poisson may not be 

accurately represented either.  

 Lastly, HATS takes advantage of linkage information across multiple sites, whereas the 

naïve model ignores this by examining each site individually.  Towards this end, HATS uses 

training data (denoted above as D) for human germline variation, which entails phased haplotype 

sequence data on d unrelated individuals that are independently sampled from the same 

population as the n cancer patients whose tumors are to be analyzed.  The training population can 

be determined as a preprocessing step using ancestry informative markers in the tumor samples.  

The training data itself can be obtained, for example, from the 1000 Genomes Project 

(Consortium 2010).  The training dataset thus influences the calling of an amplified allele 

through linkage information.   
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6.2.3.6: Sample-specific Polymorphic Sites 

We mentioned earlier that the HMM model includes only those sites polymorphic in the training 

data.  This would exclude sites polymorphic in sample j that are monomorphic in D, such as sites 

possessing rare variants or somatic mutations in j.  To call the amplified allele at each such site i 

while accounting for bias, we first calculate the probability of each allele x being amplified, P(x), 

based on the observed read counts on the Poisson distribution.  In the case of a homozygous 

genotype at i, P(x) = Pr(rx; ɚx), where ɚx is calculated as defined earlier, setting component Gx = 

Ca.  In the case of a heterozygote at i, ( )Ô
=

=

1

0

;Pr)(

x

xx
rxP l , in which Gx = (Ca ï 1) for a 

particular x while 1=
x

G .  The function arg-maxx{ P(x)} returns the higher probability, thus 

calling the amplified allele.  In the case of a tie, HATS designates Å as the amplified allele at i to 

reflect this ambiguity. 

 One thing to note is that HATS cannot leverage the training data for such sites, as the 

variant is not present in the training data.  However, HATS may still retain a performance gain 

over the naïve method at such sites due to analysis and correction of allelic bias. 

6.2.3.7: State Pruning and Genotyping Error Correction (GEC)  

As described above, the set of states St for each t in genotype HMM V theoretically contains all 

states from the Cartesian product of haplotype states )(
U

t

A

t
SS ³ .  In practice, not all such states 

are viable or necessary when analyzing a particular test sample.  We can utilize the tumor 

genotypes provided as part of the input data for sample j to eliminate impossible states.   

 In particular, if genotype data is completely accurate, then a state 
t

UA
Ssss Í= ),(  needs 

to be considered only if the tumor genotype agrees with both of the last symbols in the contained 
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haplotype labels: {
A

s
h [l(s

A
)], 

U

s
h [l(s

U
)] } .  This pruning results in a drastic reduction of states.  

We enforce this pruning only at higher levels of coverage ȿ, in which genotype calling fidelity is 

strong due to the greater density of reads supporting the call.   

 However, when coverage levels are low, fewer reads observe each site.  This may lead to 

heterozygous sites being erroneously called as homozygous, as there may be sufficient reads to 

support one allele but not the other.  We therefore cannot rely on homozygous genotype data at 

low ȿ.  In this case, a state 
t

UA
Ssss Í= ),(  is considered only if either 

A

s
h [l(s

A
)] or 

U

s
h [l(s

U
)] 

agree with the tumor genotype.  This results in s representing either a heterozygous or 

compatible homozygous genotype at i.  Including the heterozygous genotype addresses this 

potential genotyping error and recovers an allele at t for analysis.  The cost, however, is a large 

expansion of states, dramatically increasing execution time and memory usage.  This can be 

assuaged by deactivating GEC at particular sites that possess sufficient reads despite a low ȿ. 

6.2.4: Estimating Model Bias Parameters from Data 

The site-specific bias bi,x represents a potential favoring of read counts towards one of the alleles 

at site i.  During tumor tissue sequencing, overabundance of reads that observe one allele may be 

attributed to either this bias or different copy number of the two alleles, or both.  In matched 

normal tissues, however, the latter is not an issue in copy neutral regions.  This bias may 

therefore be estimated by analyzing the n normal samples and is denoted as 
xi

b
,
Ĕ .  As n increases, 

xi
b

,
Ĕ  approaches the true bias bi,x.  To model this, we use a maximum a posteriori Bayesian 

approach that identifies 
xi

b
,
Ĕ  as the bias value possessing the maximum posterior probability 

based on the allele specific read counts.   
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Ĕ = arg-maxb{ P(b |
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 We cap the range of b at 30 as the bias is unlikely to exceed this value.  The above 

formula makes use of a prior distribution on b (denoted as P(b)).  We employ a gamma 

distribution, with shape parameter k = 10.0 and scale parameter ɗ = 0.1.  This results in a desired 

mean of kɗ = 1.0, which represents the default bias value (translating to no bias).  The 

distribution peak is narrow, symbolizing that most sites will tend not to have bias.   

 The term within the first pair of brackets on the right side of the equation above is the 

normalized likelihood.  The numerator of this is P(
xi

r
,

~  | 
xi ,

~
l ), which represents the probability of 

observing 
xi

r
,

~  reads for allele x at i on a Poisson distribution with mean xi ,

~
l (tallied across 

samples).  Because the average coverage and read counts of the n samples are independent, we 

use the property of the Poisson distribution in which the sum of the random variables follows a 

Poisson process with a parameter mean that is equal to the sum of the individual parameter 

means.  As such, ä
=

=

n

j

xjixi
RR

1

,,,
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can then be modified to: 
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 Recall that xixjijxji
bG

,,,,,

~~~
ÖÖL=l ; we substitute bi,x by b from the posterior formula.  The 

normalized likelihood term essentially adjusts the prior by adding evidence from sample read 

counts.  The resulting posterior distribution over varying values of b is thus expected to be a 

narrower, shifted version of the prior distribution.  The peak of this distribution represents the b 

with the maximum probability and is assigned to 
xi

b
,
Ĕ . 

6.3: Evaluation and Results 

For each heterozygous site within a called amplicon a in a tumor sample, the naïve model 

compares the counts of reads that observe each allele and designates the allele with the greater 

read count as the amplified allele.  If the read counts are equal, no call is made (see Methods).  

The naïve model is thus vulnerable to allele-specific biases in addition to fluctuations in read 

counts that occur at low coverage levels.  HATS is designed to address these issues.  HATS 

examines the allele-specific read depth at each site within a called tumor amplicon of copy 

number Ca, calculates allele-specific biases for each site, and leverages the linkage 

disequilibrium structure over multiple sites from training data to call the amplified alleles (and 

thus construct haplotypes) in the sample at hand (see Methods).   

 The advantage this provides HATS needs to be gauged.  We summarize the performance 

of both the naïve model and HATS using the metric sensitivity, or the probability of a gold 

standard amplified allele at a heterozygous site being correctly called as amplified.  We examine 

only those sites within regions known to be amplified, called a priori by a copy number calling 

algorithm or a different platform such as array CGH.  We first derive the sensitivity of the naïve 

model theoretically.  Afterwards, we determine the sensitivity of the naïve model and HATS 

using simulated data, followed by real data. 
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 We do not explicitly measure specificity, as it is symmetrical to sensitivity.  Since HATS 

examines only those regions already identified as amplified, specificity in this case would be 

identical to sensitivity ï the fraction of non-amplified alleles called as non-amplified. 

6.3.1: Theoretical Sensitivity of the Naïve Model 

The theoretical power of the naïve model is the chance that the amplified allele possesses the 

greater read count.  Recall that the naïve model for calling the amplified allele at site i in 

amplicon a simply picks arg-maxx{ rx} , avoiding a call if there is a tie.  The naïve call can thus be 

interpreted as the choosing of the allele for which the maximum likelihood estimate of x
l  

(denote as 
x
lĔ) is greater.  We are therefore able to assess the sensitivity of this model 

theoretically by determining how often 
x
lĔ resembles x

l  rather than x
l for a heterozygous 

genotype at a site i.  The result at i can be generalized to any site, as the model considers each 

site independently of one another. 

 We compute this sensitivity by summing over all possible pairs of read counts at a site 

( ) ]|,[
xxxx

rrrr ²  for a particular ( x
l , x
l ) pair, assuming x is amplified in truth.  With z Ÿ Ð, 

this can be formalized as: 

Pr(x amplified) = ( ) ( )ää
=

-

=¡

³¡

z

r

r

r

xx
rr

1

1

0

;Pr;Pr ll                                                (10a) 

Pr(amplification of x or x  ambiguous) = ( ) ( )ä
=

³

z

r

xx
rr

1

;Pr;Pr ll                  (10b) 

Sensitivity for ( x
l , x
l ) = 1 ï [Pr( x amplified) + Pr(amplification of x or x  ambiguous)]  (10c) 
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 In practice, we set z to a large value appropriate for xl and x
l , which themselves are 

calculated for given values of ȿ while setting bx = 1 (no bias), 1-=
ax

CG , and 1=
x

G .  Results 

over a range of values for diploid coverage 2ȿ and Ca are shown in Figure 6.2. 

 

Figure 6.2:  Theoretical accuracy of the naïve model across varying genome-wide coverage levels and 

amplicon-specific copy number levels.  The figure above displays the sensitivities for varying copy number levels 

for an amplicon (3 ï 5) over varying diploid coverage levels.  The naïve method performs quite well theoretically at 

high copy number levels, except for low coverage levels.  This is especially visible with the default value of copy 

number 3. 

6.3.2: Performance of HATS and the Naïve Model in Simulations 

It is imperative to measure the sensitivity of HATS across a variety of tumor dataset scenarios.  

To this effect, we generated numerous synthetic datasets containing amplicons and assessed 

HATSô ability to call the amplified alleles within those amplicons.  We performed the same for 

the naµve model as a baseline comparison.  These simulations revealed that HATSô sensitivity 

eclipses that of the naïve model over 99% of the time in practical datasets. 

 In further detail, simulation of a particular dataset first requires training data consisting of 
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phased germline genotypes for d unrelated individuals from the same population.  We select n of 

the d individuals to comprise the test data (indexed by 1 Ò j Ò n).  Stretches of somatic 

amplification are randomly generated and applied along the genome of each sample j such that 

these recurrent stretches overlap across the samples.  Each CNA amplicon a in j thus consists of 

a gold standard amplified and non-amplified haplotype pair.  For a heterozygous genotype at a 

site in a, counts of reads that observe the amplified allele and non-amplified allele are sampled 

from Poisson distributions with respective mean haploid coverages 
ja

C L³- )1( and ȿj.  For a 

homozygous genotype at a site in a, counts of reads that observe an allele are sampled from a 

Poisson distribution with mean haploid coverage 
ja

C L³ .  In the scenarios that incorporate 

allelic bias (described later), these read counts may be adjusted to reflect the simulated bias. 

 For each sample j, the allele-specific read count information along each amplicon in j is 

analyzed by the naïve model.  In addition, the training data of (d ï n) samples, along with 

genotype information, copy number Ca, tumor allelic read counts, and normal allelic read counts 

(for calculating bias) along each amplicon in j are analyzed by HATS.  We define accuracy as 

the fraction of gold-standard amplified alleles along heterozygous sites in each simulated CNA 

region a that is correctly called as amplified.   

 Setting n > 1 is only relevant for scenarios in which allelic bias is simulated, as multiple 

samples provide a better estimate of the bias.  When we do not simulate bias, we set n = 1 and 

employ a d-fold cross validation scheme in which each a in each j is processed by the naïve 

method and HATS, the latter using a training dataset of (d ï 1) samples.  Again, overlapping 

amplicon coordinates are applied to each sample j.  

 The variability across the synthetic datasets is implemented via a set of seven parameters, 

described in Table 6.1.  We perform 100 trials for each parameter value combination when 



105 

 

 

 

iterating over the parameter space, performing a d-fold cross validation per trial if n = 1.  To 

prevent an explosive growth of the parameter space, we iterate over only one parameter at a time 

while maintaining the other parameters at their default values.  The exception to this is when we 

simulate bias, in which we explore the space of the two last parameters, as described later below. 

 Towards determining sensitivity for a parameter value combination, we focus only on 

those accuracies (from the combinationôs trials) whose corresponding amplicons cover at least a 

threshold of v heterozygous sites.  An example plot of accuracies for each amplicon a versus the 

number of heterozygous sites in a is depicted in Figure 6.3A (using example parameter values

]3,62[ ==L
aj

C ).  Note that as the number of heterozygous sites in a increases, the accuracies 

converge to a peak for either method.  The peak thus represents an asymptotic measure for 

accuracy, which we assign as the sensitivity.  A large value for v isolates those points 

contributing to the peak while avoiding the discreteness effects observed in small values.  To 

determine the value of each peak, we perform k-means clustering on those points passing v, 

setting k = 1 for each method.  The resulting centroid for each method represents the peak and 

thus the sensitivity for that method   
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Table 6.1: HATS Simulation Parameter Definitions. The parameters used in the simulations are described below.  

Two of the default values were obtained by observing parameter-specific properties in a real Illumina 550K dataset 

obtained from The Cancer Genome Atlas (TCGA), published from a previous study (Dewal et al. 2010)(Chapter 4). 

Parameter Name Default Description 

Amplicon Copy 

Number  

(
a

C ) 

3 This parameter represents the number of haploid copies of the genome along 

amplicon a in tumor sample j. 

Haploid Genome-

wide Coverage of 

Tumor  (L) 

5 This parameter represents the mean of a Poisson distribution, which upon 

sampling determines the number of reads on a haplotype at a particular site i in 

tumor sample j. 

Haploid Genome-

wide Coverage of 

Normal (L
~ ) 

5 This parameter represents the mean of a Poisson distribution, which upon 

sampling determines the number of reads on a haplotype at a particular site i in 

the matched normal of sample j. 

Mean Length of a  

Recurrent 

Amplicon 

390kb This parameter represents the mean of an exponential distribution, which upon 

sampling determines the length of recurrent amplicons across samples.  The 

distribution possesses a mean of 390kb by default.  This exponential distribution 

can produce stretches of over 1 or even 2 Mb.  The default value was determined 

in (Dewal et al. 2010). 

Number of  

Recurrent 

Amplicons 

5 This parameter determines the number of recurrent amplicons in the genome.  A 

value of 5 represents a realistic number of such regions, as was determined in 

(Dewal et al. 2010). 

GC Read Bias 

Ratio 

1.0 This parameter is used to represent GC bias that is observed in real sequence 

data.  It represents the ratio of the simulated non-GC read count to the simulated 

GC read count at the site i in question.  The idea is that the presence of a G or C 

at i translates to a (slightly) higher GC content level, which may disrupt the 
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sequencing chemistry and thus induce bias.  A value of 1.0 indicates no bias, 

while larger values indicate stronger bias.  The default value is set to 1.0 so that 

other parameters can be tested independently of bias during simulation.    

Number Samples  

in Test Data 

1 This parameter represents the number of samples that are to be excised from the 

training dataset in order to be used as test data.  For example, if the original 

training dataset contained ten individuals, and this parameter was set to 2, then 

two individuals would comprise the test data while eight would comprise the 

effective training data to be used in the simulations.  The default value is set to 1, 

as values > 1 are only relevant when simulating with bias.  Increasing the test 

data size in bias simulation improves HATSô estimation of the bias.   

 

 

Figure 6.3: Accuracy Example and Sensitivity of HATS and the Naive Method from Simulations, European 

(CEU) Training Dataset.  (A) Accuracies of each sample trial (2Lj = 6, Ca = 3).  Each point in the embedded, 

raised dot plot above represents the accuracy for a particular amplicon a in sample j per trial.  As the number of 

(B) 

(A) 
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heterozygous sites in a increases, the accuracies converge to a peak for the naïve method and a peak for HATS.  We 

set the threshold v to 1,000 and use k-means clustering to determine the centroids for each peak.  The centroid for 

the naïve model resides at ~0.80, which is assigned as the sensitivity for the naïve method for parameter values (2Lj 

= 6, Ca = 3).  The centroid for HATS exists at ~0.975.  (B) Method Sensitivities.  This figure displays the 

simulation sensitivity results for HATS (with Genotype Error Correction (GEC) turned on or, by default, off) as well 

as for the naïve method.  The naïve theoretical curve is included for comparison purposes, illustrating that the naïve 

results can indeed be calculated theoretically.  Note that it takes up to diploid coverage of 45 until the naïve method 

can match the performance of HATS.  The GEC mode noticeably improves performance at very low coverage levels 

for HATS.  The training dataset was obtained from the 1000 Genomes Project (http://www.1000genomes.org/). 

6.3.2.1: Simulation Results 

We obtained three training datasets from the 1000 Genomes Project (Consortium 2010), each of 

which corresponded to a HapMap population (Consortium 2005).  The first consisted of phased 

haplotype sequences for d = 57 European individuals.  We removed two trio children in order to 

prevent potential violations of independence with the other individuals, resulting in 55 unrelated 

individuals.  The second training dataset consisted of phased haplotype sequences for d = 56 

Yoruban individuals; we similarly removed the trio child to result in 55 unrelated Yoruban 

individuals.  Finally, the third dataset consisted of phased haplotype sequences for d = 59 

unrelated Japanese and Chinese individuals.  These datasets were utilized independently to avoid 

stratification effects.  Data for additional individuals are expected to be available publicly over 

time.  The HATS method, as well as the evaluation procedure above, can easily work with an 

expanded training dataset. 

 When simulating without bias, we observed that the first two parameters (regarding 

amplicon copy number and tumor haploid coverage) have the most impact on sensitivity.  The 

fourth parameter, Mean Length of a Recurrent Amplicon, increases the number of heterozygous 

http://www.1000genomes.org/
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sites in a by virtue of increasing the span of a.  We noted above that a longer a provides a better 

estimate of the asymptotic accuracy of each method.  In Figure 6.3A, HATS performs better 

than the naïve method in over 99.7% of points (representing amplicons) that each encompass at 

least v = 20 heterozygous sites.  At the default parameter values, HATS does better in 99.3% of 

points that each encompass at least v = 20 heterozygous sites, with an average accuracy gap of 

10.2%.  When there is no restriction on v, HATS matches the naïve method in 6.3% of points and 

outperforms it in 93.4% of points.  Example plots depicting accuracy over varying numbers of 

heterozygous sites across varying diploid coverage levels are given in Figure C2.  Points 

encompassing at least v = 1,000 heterozygous sites converge to their associated peak, which 

indicates sensitivity. 

 The sensitivities of the two methods across varying levels of coverage (with a default 

copy number of 3) in the European individuals are depicted in Figure 6.3B.  Both curves for 

HATS ï with an error correction mechanism (Genotype Error Correction, see Methods) either 

enabled for low 2ȿj or disabled ï perform better than the naïve model, especially at intermediate 

to lower coverage levels.  We also show here that the naïve simulated sensitivity is congruent 

with its theoretical estimate.  For both methods, the breakdown of sensitivities per read count 

observing a site over the coverage levels is given in Figure C3.  The sensitivities for the 

Yoruban as well as Japanese and Chinese individuals are depicted in Figure 6.4 and show 

similar performance. 
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Figure 6.4: Sensitivity of HATS and the Naïve model from simulations, Yoruban (YRI) and Japanese and 

Chinese (JPTCHB) Training Datasets.  This figure displays the sensitivity results for HATS (without Genotyping 

Error Correction) and the naïve model from the simulation runs.  Since the naïve curves for both populations are 

congruent with each other and the theoretical curve, the same naïve simulation curve is displayed here.  The HATS 

curves for the two populations are also nearly congruent and outperform the naïve model until the latter catches up 

past a diploid coverage of 40.  The training datasets were obtained from the 1000 Genomes Project 

(http://www.1000genomes.org/). 

6.3.2.2: Simulation Results: Modeling Biases 

Real sequence data is known to contain bias, a common example of which is GC bias (Bentley et 

al. 2008; McKernan et al. 2009).  While HATSô bias correction is designed to handle allele-

specific read count biases in general, we test its ability to handle GC biases specifically.  When 

simulating with bias, we vary the two parameters GC Read Bias Ratio and Number of Samples in 

Test Data.  The resulting sensitivities are depicted in Figure 6.5A.  The former parameter 

models GC bias by representing the ratio of non-GC reads versus GC reads at a heterozygous 

http://www.1000genomes.org/
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site.  The greater the parameter value, the stronger the induced bias; a value of 1.0 signifies no 

induced bias.  Note that this parameter only affects the heterozygous sites {G/A, G/T, C/A, C/T}.  

The latter parameter determines the test data size n, which when increased improves HATSô 

estimate of the bias and thus the performance. 

 The figure depicts the performance of the naïve model, HATS without bias correction (n 

= 1 is sufficient as n > 1 is relevant only when estimating bias), and HATS with bias correction.  

Our method consistently outperforms the naïve model.  Furthermore, bias correction becomes 

more effective as either the level of induced bias or n increases.  When the simulated bias is 

weak and n > 1, bias correction performs only slightly less than does no bias correction by a 

0.003 cost in sensitivity.  However, bias correction quickly gains the upper hand as the simulated 

bias increases past 1.5 (or 2 in the case of n = 2).  When n = 1, the estimate of bias is not as 

precise and results in a slightly weaker result (with a 0.008 sensitivity cost on average) unless the 

induced bias is very strong (3.33).  Note that there is only a marginal performance improvement 

when increasing n from 15 to 20.  The reasons are that the improvement in estimating the bias 

plateaus and that the training dataset size is reduced, which negatively impacts sensitivity.  The 

latter reason may be assuaged with a larger d.  In general, the figure demonstrates that HATS can 

accommodate and correct for stronger biases with the tradeoff of performing slightly weaker ï a 

loss of 0.003 in sensitivity for n > 1 ï for sites possessing smaller biases. 

6.3.2.3: Simulation Results: Modeling Stromal Contamination 

In tumor data, the called copy number of an amplicon often deviates from an integer quantity.  

The reasons are that the tumor cells may not all carry the same aberration (i.e. intra-tumoral 

genetic heterogeneity) and that a tumor sample may be admixed with normal cell types (i.e. 

stromal contamination).  We focus on the latter reason.  A region that is amplified in the tumor 
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(with Ca = 3) but copy neutral in the healthy somatic cells may average to a non-integer copy 

number, e.g. 2.50 in the case of a 50-50 mixture.  We extend HATS to handle non-integer copy 

numbers and test its performance on simulated regions with Ca = 2.50 and Ca = 2.80, with the 

respective results displayed in Figure 6.5B and Figure C1.  Note that as coverage reduces, the 

sensitivity of HATS is smaller than that from equivalent coverage levels with Ca = 3.  However, 

HATS maintains its gap over the naïve method.  More importantly, the naïve simulated and 

theoretical curves do not converge with HATSô curve even when coverage is large or abnormally 

large (in the case of Ca = 2.50), strongly suggesting that the naïve method performs inadequately 

in the common scenario of imperfect tumor purity.  The breakdown of (Figure 6.5B) sensitivities 

per read count observing a site over the coverage levels is depicted in Figure C4. 
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Figure 6.5: Results of Simulated Aspects of Real Tumor Data.  (A) Sensitivity of HATS with Bias Correction 

and the Naïve model from simulations, European (CEU) Training Dataset.  This figure displays the simulation 

sensitivity results for HATS with bias correction activated (using varying sample sizes to estimate bias), bias 

(A) 

(B) 
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correction inactivated, and the naïve model.  The x-axis represents the simulated induced bias, ranging from 1.0 

(representing no bias) to 5 (representing strong bias).  HATS eclipses the naïve method in all instances.  When the 

simulated bias is weak and n > 1, bias correction performs only slightly less than does no bias correction by a 0.003 

cost in sensitivity.  However, bias correction quickly gains the upper hand as the simulated bias increases past 1.5 

(or 2 in the case of n = 2).  When n = 1, the estimate of bias is not as precise and results in a slightly weaker result 

(with a 0.008 sensitivity cost on average) unless the induced bias is very strong (3.33).  Note that there is only a 

marginal improvement in performance when increasing the test dataset size from 15 to 20.  The reason is that this 

reduces the training dataset size, which negatively impacts sensitivity; in addition, improvement in estimation of the 

bias plateaus. (B) Sensitivity of HATS and the Naïve model from simulations with Stromal Contamination, 

European (CEU) Training Dataset, Copy Number 2.5.  This figure displays the simulation sensitivity results for 

HATS as well as for the naïve model given a copy number of 2.5, which represents a tumor of copy number 3 with 

50% stromal contamination of copy neutral healthy cells.  Note that the performance gap between the two methods 

remains wide, and the naïve method does not catch up to HATS even at a very high diploid coverage of 90.  The 

training dataset was obtained from the 1000 Genomes Project (http://www.1000genomes.org/). 

6.3.2.4: Simulation Results: Modeling Hemizygous Deletions 

We have extended HATS to analyze heterozygous deletion mixtures.  This would allow HATS 

to call the alleles and haplotypes undergoing hemizygous deletion in a tumor when stromal 

contamination is present.  These alleles would otherwise be difficult to identify as deleted due to 

the reads coming from the stromal cells that observe those alleles.  HATS thus utilizes these read 

counts (along with the linkage disequilibrium information) to identify these alleles as the ones 

lost in the tumor. 

 We have implemented this via allowing HATS to analyze data with copy number greater 

than 1.5 but less than 2.  Preliminary simulation results for copy number of 1.9 are depicted in 

Figure 6.6.  A potential future extension involves handling data with pure heterozygous 

deletions (copy number of 1) when matched normal information is available; this functionality is 

http://www.1000genomes.org/
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already partially implemented via HATSô Genotype Error Correction feature.  We do not focus 

on pure homozygous deletions, as identification of alleles lost in such deletions may be 

recovered by examining the matched normal genotypes or via existing germline imputation 

algorithms (Browning and Browning 2007).  From this point onwards, we return to focusing on 

amplifications only. 

 

Figure 6.6: Sensitivity of HATS and the Naïve model from simulations, CEU Training Dataset, Copy number 

1.9.  This figure displays the simulation sensitivity results for HATS and the naïve model with copy number of 1.9, 

representing a heterozygous deletion mixture.  While performance between the two methods remains similar at very 

low coverage, increasing coverage slightly results in a tremendous performance difference between the two.  The 

training dataset was obtained from the 1000 Genomes Project (http://www.1000genomes.org/). 

6.3.3: Performance of HATS and the Naïve Model in Real Data 

We also evaluate the performance of HATS and the naïve model on CNA regions in real data.  

We consider data that has been sequenced as well as typed on an independent platform such as 

http://www.1000genomes.org/


116 

 

 

 

SNP arrays.  The sequenced tumor data would be of high enough coverage L2 to accurately 

obtain genotype, copy number, and allele-specific read count information beforehand.  For any 

amplicon a with Ca Ó 3, the amplified alleles that the naµve method calls within a are treated as 

the gold standard for a, as simulation results in Figure 6.3B reveal the naµve methodôs relatively 

strong performance at high coverage.  Alternatively, the gold standard amplified alleles may be 

called from the SNP array using, for example, B-allele frequency differences (see Methods in 

(LaFramboise et al. 2010) for detailed procedure and quality control filtering steps).  In either 

case, we then down-sample a random fraction LL/  of the reads to mimic a dataset of lower 

coverage L2 , for which we test the calling of the amplified alleles by HATS versus the naïve 

method.  Call accuracy for L2  is reported as the fraction of correct calls across 100 such sub-

sampling trials. 

 Performance is demonstrated in a glioblastoma tumor sample (TCGA-06-0877) of 

European descent, with whole genome sequence, array CGH, and SNP array data obtained from 

The Cancer Genome Atlas (Network 2008) at (http://tcga-data.nci.nih.gov/tcga/, accession: 

phs000178.v4.p4).  Chromosomes 2, 7, 12, 19, and 20 of this sample are called by array CGH as 

possessing a chromosome-wide average copy number of 2.6, suggesting a tumor copy number of 

3 with up to 40% of sample cells being non-tumor related cells of copy number 2.  We 

considered a specific CNA region at chr19:2.18-2.54Mb that is reported to possess a local 

average coverage of L2  = 33.7 and a local average copy number of Ca = 3.18, consistent with a 

local copy number of 4 in the 60% of sample cells that are tumor cells.  Figure 6.7 presents call 

accuracy for this region across various levels of coverage L2 , with the gold standard amplified 

alleles called by the naïve method on the tumor sequence data itself.  As expected, both naïve 

calling and HATS perform well when L2 is high.  As L2  decreases, the performance gap 

http://tcga-data.nci.nih.gov/tcga/
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between HATS and the naive method widens before shrinking slightly at low coverage.  

Utilizing the Genotype Error Correction feature, however, offers an increase in performance.  

The breakdown of sensitivities per read count observing a site at L2  is depicted in Figure C5. 

 

Figure 6.7: Empirical Sensitivity of HATS and the Naïve Model, TCGA Glioblastoma sample (TCGA-06-

0877), Chr 19.  This figure displays the sensitivity results for HATS and the naïve method on an amplified region 

(Chromosome 19: 2,181,615 ï 2,541,253) in a glioblastoma patient (TCGA-06-0877) obtained from TCGA with 

local copy number of 3.18.   The naïve theoretical curve is included for comparison purposes.  The gold standard 

amplified alleles were obtained by analyzing the region with the naïve method using high coverage (33.17x) read 

counts, as simulations for copy number of 3 indicated high sensitivity for the naïve method at high coverage levels.  

The read counts were randomly down-sampled to result in varying coverage levels as displayed on the x-axis (with 

100 trials of down-sampling performed per coverage level).  The down-sampled read counts were passed to both 

HATS and the naïve method.  The reported amplified alleles were compared with the gold standard to indicate 

sensitivity.  Note that for higher coverages, the performance of both HATS and the naïve method is strong, which is 

expected as this was observed in the simulations.  As coverage decreases, HATS maintains a marked performance 

improvement over the naïve method. The TCGA data for this patient was obtained from http://tcga-

http://tcga-data.nci.nih.gov/tcga/
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data.nci.nih.gov/tcga/ (with tumor and alignment files obtained from dbGaP with accession number: 

phs000178.v4.p4). 

 We ran this down-sampling analysis again, except with the gold standard amplified 

alleles called from the SNP array data for the same sample.  SNP arrays naturally possess a lower 

density of sites interrogated as compared to sequence data.  Restricting HATS to only SNP array 

sites forces it to ignore sites in the training data not typed on the array, resulting in weaker LD 

information gleaned from the training data.  Despite this, HATS still retains its performance gain 

over the naïve curve, as seen in Figure 6.8.  Furthermore, only three heterozygous sites comprise 

the gold standard after quality control filtering in this case; HATS performed better than the 

naïve method even with such few sites.   

 

Figure 6.8: Empirical Sensitivity of HATS and the Naïve Model, TCGA Glioblastoma sample (TCGA-06-

0877), Chr 19, SNP Array Gold Standard.  This figure displays the sensitivity results for HATS and the naïve 

method on an amplified region (Chromosome 19: 2,181,615 ï 2,541,253) in a glioblastoma patient (TCGA-06-

http://tcga-data.nci.nih.gov/tcga/


119 

 

 

 

0877) obtained from TCGA with local copy number of 3.18.  The naïve theoretical curve is included for comparison 

purposes.  The gold standard amplified alleles were obtained via the amplified allelic calls made on SNP array data 

for the same region from the same sample.  Only three heterozygous gold standard sites remained after quality 

control filtering. The sequencing data read counts were then randomly down-sampled to result in varying coverage 

levels as displayed on the x-axis (with 400 trials of down-sampling performed per coverage level).  The down-

sampled read counts were passed to both HATS and the naïve method.  The reported amplified alleles were 

compared with the gold standard to indicate sensitivity.  Note that for higher coverages, the performance of both 

HATS and the naïve method is strong, which is expected as this was observed in the simulations.  As coverage 

decreases, HATS maintains a marked performance improvement over the naïve method. What is further remarkable 

is that HATS maintains this advantage over the naïve model even with such few heterozygous sites (three).  Another 

thing to note is that the naïve method performs better on sites with an odd number of reads versus an even number, 

as there is no chance of ties in the former.  This explains the slight step effect in the naµve modelôs sensitivity at 2L 

= 5.  The TCGA data for this patient was obtained from http://tcga-data.nci.nih.gov/tcga/ (with tumor and alignment 

files obtained from dbGaP with accession number: phs000178.v4.p4). 

 We consider another region at chr2:30-31Mb within the same sample possessing local Ca 

= 2.50 and local L2  = 38.7, with results displayed in Figure 6.9.  In this case, the gold standard 

amplified alleles were instead called by HATS on the sequence data at L2 , as the naïve method 

weakens when Ca < 3 according to Figure 6.5B and Figure C1, while HATS remains stronger.   

http://tcga-data.nci.nih.gov/tcga/
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Figure 6.9: Empirical sensitivity of HATS and the Naïve model, TCGA Glioblastoma sample (TCGA-06-

0877), Chr 2.  This figure displays the sensitivity results for HATS and the naïve method on an amplified sub-

region (Chromosome 2: 30,117,665 ï 31,000,001) in a glioblastoma patient obtained from TCGA with copy number 

of 2.50.   The empirical curves only extend to a diploid coverage of 30, as the original diploid coverage in the data 

was ~38x for this region.  The theoretical curve extends past this to display that very high coverage is necessary in 

order for the naïve method to theoretically match the performance of HATS.  Note that the naïve curve deviates 

from the theoretical curve, likely due to an imperfect gold standard called by HATS at 38x.  To correct for this, the 

average deviation is calculated between the naïve curve and naïve theoretical curve.  Both the naïve and HATS 

curves are then shifted down by this amount to result in the respective adjusted curves, which more accurately 

indicate HATSô performance at this copy number.  The TCGA data for this patient was obtained from http://tcga-

data.nci.nih.gov/tcga/ (with tumor and alignment files obtained from dbGaP with accession number: 

phs000178.v4.p4). 

 The gap between the two methods is wide even at L2  = 30 in this region, supporting that 

a higher L2  is required for the naïve method to perform as strongly as HATS for mixtures with 

http://tcga-data.nci.nih.gov/tcga/
http://tcga-data.nci.nih.gov/tcga/
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2 < Ca < 3.  Note that the naïve empirical curve deviates from the theoretical curve, possibly due 

to an imperfect gold standard called by HATS.  To test this, we used HATS to call the amplified 

alleles on simulated data generated with L2  = 35 and Ca = 2.50.  Using these called alleles as 

the gold standard, we performed the down-sampling procedure described above on this simulated 

data and depict the deviation from the theoretical curve in Figure 6.10.   

 

Figure 6.10: Sensitivity of HATS and the naïve model, simulated data with gold standard called on high 

coverage (emulating Real Data tumor evaluation).  HATS called the amplified alleles (assigned as the gold 

standard) on simulated data generated at 35x diploid coverage with copy number of 2.5.  This simulated data is then 

analyzed as real data would be evaluated, via a down-sampling procedure that uses the called gold standard alleles.  

The figure displays the results, indicating the deviation of the naïve emulated curve from the theoretical curve.  This 

suggests that the imperfect gold standard used is a cause of this deviation.  The training dataset (CEU) was obtained 

from the 1000 Genomes Project (http://www.1000genomes.org/). 

 This deviation, while smaller than that in Figure 6.9, supports the culpability of the 

imperfect gold standard called at L2 , suggesting a higher L2  is needed for a stronger gold 

http://www.1000genomes.org/
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standard.  An imperfect gold standard for a region may also be caused by lower compatible 

haplotype representation in the training data, resulting in calls that resemble those of the naïve 

model; this could pull the naïve curve up from the theoretical curve.  To correct for this 

possibility, we shift both the HATS and naïve curves down in Figure 6.9 by the mean deviation 

between the naµve tumor and naµve theoretical curves.  This adjustment better indicates HATSô 

performance at this copy number.  We repeated the analysis on this region, this time calling the 

gold standard amplified alleles from 43 heterozygous sites (after quality control filtering) from 

the SNP array data.  The results are depicted in Figure 6.11 and demonstrate again HATSô 

superior performance over the naïve model despite fewer sites and lesser LD information. 

 

Figure 6.11: Empirical sensitivity of HATS and the Naïve model, TCGA Glioblastoma sample (TCGA-06-

0877), Chr 2, SNP Array Gold Standard.  This figure displays the sensitivity results for HATS and the naïve 

method on an amplified sub-region (Chromosome 2: 30,117,665 ï 31,000,001) in a glioblastoma patient obtained 

from TCGA with copy number of 2.50.   The empirical curves only extend to a diploid coverage of 30, as the 

original diploid coverage in the data was ~38x for this region.  The theoretical curve extends past this to display that 
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very high coverage is necessary in order for the naïve method to theoretically match the performance of HATS.  The 

gold standard amplified alleles were obtained via the amplified allelic calls made on SNP array data for the same 

region from the same sample.  Only 43 heterozygous gold standard sites remained after quality control filtering.  

The sequencing data read counts were then randomly down-sampled to result in varying coverage levels as 

displayed on the x-axis (with 400 trials of down-sampling performed per coverage level).  With this stromal 

contamination present, HATS outperforms the naïve method at all diploid coverage levels.  The TCGA data for this 

patient was obtained from http://tcga-data.nci.nih.gov/tcga/ (with tumor and alignment files obtained from dbGaP 

with accession number: phs000178.v4.p4). 

 The evaluation procedure above reveals that HATS maintains its performance gain over 

the naïve method in real tumor data, especially when coverage is reduced and stromal 

contamination is present.  

6.4: Discussion 

During recent years, algorithms had been developed for SNP array platforms to determine 

somatic allele-specific copy numbers of germline SNPs.  Such data indicates CNAs and enables 

one to pinpoint potential disease-associated variants, and by virtue haplotypes, within the wide 

span of these regions.  However, the drawbacks of these algorithms are the suboptimal resolution 

of the platform, and more importantly, issues with call fidelity:  amplified regions render these 

algorithms prone to incorrect genotype calls in tumor tissue.  As high throughput sequencing 

technologies offer nucleotide level resolution while avoiding SNP array issues that affect 

amplified call fidelity, we aimed to develop a novel method that could determine the amplified 

alleles and thus haplotypes in such data.  To our knowledge, no other methods exist that call 

somatically amplified alleles and haplotypes in next generation sequencing data. 

 Determination of haplotypes is equivalent to locally phasing the tumor data using read 

counts from the tumor sample and haplotype frequencies from training data.  Only one 

http://tcga-data.nci.nih.gov/tcga/
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chromosome is assumed to be amplified along a homologous region.  At its core, HATS builds 

an HMM, using allele-specific read counts as emissions and training haplotypes to model 

transitions.  Usage of the training data is motivated by the notion that the haplotype constructed 

from the amplified alleles (called within an amplicon) should partially reflect a mosaic of 

existing haplotypes within the same population.  The training haplotypes enable HATS to utilize 

linkage information from multiple sites, thus helping to improve power over that of the naïve 

method.  Within an amplicon a called a priori, HATS reports the amplified allele at each site that 

is polymorphic either in the sample or the training data, including those sites harboring rare 

variants or somatic mutations.  We note that HATS is also able to handle hemizygous deletion 

mixtures.  It can identify the deleted alleles or haplotypes that are otherwise difficult to identify 

as deleted (due to traces of those alleles coming from contaminating stromal cells).  

 The assumption of one chromosome being amplified is central to HATS.  While evidence 

of the prevalence of mono-allelic amplification has been found in previous studies (LaFramboise 

et al. 2005), along with recent studies recounting most amplification events to be low gain 

(Network 2011), we acknowledge that the extent to which one or both alleles is amplified still 

remains an open question.  HATS in its current form may result in switch errors in phasing if 

applied on regions with both chromosomes amplified.  However, the method can be extended by 

adding extra states representing candidate double amplifications.  Such modifications would also 

help HATS towards phasing CNV regions in the germline.  Currently, HATS is equipped to 

locally phase germline heterozygous CNVs of copy number 3 should those regions map uniquely 

to the reference genome.  The caveat is that samples copy neutral for those regions would be 

required to calculate any allele-specific biases.  Another potential extension to HATS involves 

incorporating paired-end information.  However, the practical gain from this addition would need 
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to be assessed, as the mate pair distance is typically smaller than the distance between 

polymorphic sites.   

 It should be noted that the constructed amplified haplotype may differ from the true 

tumor haplotype with respect to the order of sites.  Genomic rearrangements in tumor DNA 

disrupt the local cellular copy of inherited germline sequence, potentially resulting in a somatic 

haplotype that differs from the corresponding germline haplotype.  However, rearrangement 

information from tumor DNA may be lost during sequencing, as single reads are mapped to the 

reference sequence.  As such, the amplified tumor haplotype as called by HATS would reflect 

the order of sites in the reference genome (and the inherited germline sequence) rather than that 

of the rearranged tumor haplotype.  A similar limitation of our approach is the potential presence 

of mitotic recombination.  This would imply different phasing for tumor versus normal data, but 

would typically be limited to a small number of events (Cavenee et al. 1983; Paques and Haber 

1999; Barbera and Petes 2006; LaFave and Sekelsky 2009). 

 The design philosophy of HATS envisions the algorithm as a tool in a workflow of 

algorithms for studying tumors, helping to open the door for allele-specific downstream analysis.  

At the same time, it is reliant on upstream data; namely, the a priori calling of the amplicon.  

This is done intentionally, as modularity is a fundamental design principle in building complex 

pipelines, and it guides us here as well.  Furthermore, CNA and CNV calling has been studied 

extensively and has matured over the years to the point that it has become integral to existing 

pipelines (Network 2008; Network 2011).  However, upstream errors can occur, some of which 

are safeguarded by HATS.  For example, small errors in input amplicon copy number have little 

effect on HATS, which can naïvely validate copy number using tumor and matched normal read 

counts.  The effect is further reduced due to the power HATS leverages from the training data.  
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Other errors include amplicons that are a result of platform-specific biases (e.g. PCR bias).  

These can be caught by HATSô bias correction if they are allele-specific and appear in the 

matched normals as well.  In addition, the power from the training data can help reduce the effect 

of spurious PCR biases that may occur within an amplicon span.  The naïve method, on the other 

hand, would be much more vulnerable to this.  Other errors include inexact a priori  amplicon 

breakpoint prediction, which could especially occur with the low resolution of arrays.  Such 

errors may result in: HATS calling an allele as amplified even if the site lies outside the 

amplicon in truth, or sites being ignored by HATS if in truth they lie within the amplicon 

boundary.  However, some of these effects are mitigated when studying multiple tumors 

downstream.  Amplicons due to artifact in one sample will likely not recur over multiple tumors 

and may thus be identified as unique or erroneous.  Similarly, testing for recurrence will tease 

out amplicons under selection versus passenger amplicons that occur randomly and propagate 

due to duplication mechanisms or genomic instability during tumor evolution. 

 A possible alternative approach to HATS entails first computationally phasing the 

matched normal sequence (and by virtue, the tumor sequence), ignoring valuable read count 

information during phasing.  One might then assess tumor read counts at several sites within an 

amplicon to determine the particular phased haplotype targeted for amplification.  We tested this 

procedure on four regions from the glioblastoma patient (TCGA-06-0877), three of which lie on 

chromosome 2 and the last on chromosome 19 (see Table C1).  Sites were considered only if 

they were present in both the sequence data as well as typed on the SNP array.  The gold 

standard amplified alleles were determined using array calls.  HATS performed with equal or 

greater accuracy on all four regions, while inaccuracies in phasing-first indicated switch error.  

These results support HATSô relevance to amplified allelic calling.  Another advantage that 
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HATS possesses over phasing-first is the ability to make calls on rare variants or somatic 

mutations using read depth information.  Phasing algorithms, which also rely on germline 

training data, would seem underpowered to do this.  In addition, HATS may recover 

heterozygous calls at low coverage via its Genotype Error Correction mechanism; performing the 

same with a germline phasing algorithm for sequence data would require extra pre-processing 

overhead for the end user.  Furthermore, several phasing algorithms assume Hardy-Weinberg 

equilibrium in the test data, which may not always be the case due to the presence of risk alleles 

(Marchini et al. 2006).  Thus, phasing the tumor via the matched normal may not always lead to 

accurate results.  On the contrary, as the constructed tumor haplotype would reflect the genome 

order of the reference sequence and matched normal as mentioned above, HATS could 

potentially be used to phase the germline alleles in the matched normal sample based on the 

tumor data.  

 In general, haplotypes better characterize a disease-associated region than does a single 

site.  This holds especially true for SNP arrays.  Markers deemed as significantly associated with 

disease from genome-wide association studies were not usually causal; rather, they were linked 

to a causal marker untyped on the array platform.  Haplotype examination would thus provide 

boundaries of where this causal site could reside.  Furthermore, genes or regulatory regions that 

reside within or near the haplotype boundaries could be implicated in the disease.  Lastly, 

haplotypes offer insight into the natural selection process that has occurred during the ancestral 

history of an individual or population.  For example, they may indicate the occurrence of a recent 

selective sweep. 

 One potential future avenue involves examining haplotypes within recurrent CNA 

regions across tumor samples to reveal such genes.  This was performed previously on SNP 
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arrays at the single SNP level (Dewal et al. 2010; LaFramboise et al. 2010) and can now be 

extended to next generation sequencing data.  HATSô reporting of the amplified allele may serve 

as a first step in this downstream analysis possibility.  One benefit is that sites that were not 

typed on SNP arrays may be revealed to be selectively amplified across tumors in sequence data.  

In addition, the improved call fidelity as compared to amplified allelic calls on SNP arrays may 

lead to more robust results.   

 More generally, the HATS algorithm is designed to call allelic imbalances at genomic 

sites within a sample.  Allelic imbalances can provide important information in multiple 

scenarios.  For example, allelic imbalance in transcripts has been detected by RNA sequencing.  

Transcripts demonstrating this phenomenon have genetic or epigenetic influences driving this 

difference (Zhang et al. 2009; Heap et al. 2010; Tuch et al. 2010).  Chromatin immuno-

precipitation followed by high-throughput sequencing, ChIP-seq, can also reveal allelic 

imbalance at heterozygous sites.  In this context, allelic imbalance can reflect differential binding 

specificity of a particular DNA-protein interaction, thereby possibly highlighting functional 

variants. 

 In the pursuit of detecting causal or associated variants, it aids the cancer community to 

integrate somatic and germline DNA changes.  We present a method that helps move towards 

this end in next generation tumor sequence data.   The strong evaluation of HATS provides us 

confidence to offer the community this powerful local phasing method.  We hope that cancer 

researchers will find it beneficial towards discovering variants and potential oncogenes.  
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Chapter 7. Conclusions 

 This thesis formally describes and evaluates two computational methods, ADT and 

HATS, and applies them to real tumor data.  The paradigm underlying both methods is the 

intersection of germline and somatic variation ï namely inherited single point variants residing 

within acquired copy number gains ï that would localize regions of the genome to help implicate 

existing or novel cancer related genes.   

 The first method, Amplification Distortion Test (ADT), performs a genome-wide scan to 

identify germline nucleotide alleles selected for somatic amplification across tumor samples at 

polymorphic markers.  Selection is tested primarily by examining heterozygous calls across 

samples at each marker; a binomial test on the number of samples amplifying each allele is 

performed.  Markers passing a threshold set by permutation testing are deemed as genome-wide 

significant.  Our power evaluation showed that ADTôs power is proportional to the number of 

samples available:  0.35 for ~200 samples, 0.62 for ~345 samples, and 0.84 for ~700 samples at 

practical simulation parameter values.  While 700 is a very large number needed to obtain 

appreciable power, it is still much smaller than the thousands of samples required in traditional 

GWAS studies.  Alongside the binomial test component, ADT is complemented by the Cochran-

Armitage and Cochran-Mantel-Haenszel tests to identify preferential allelic amplifications using 

homozygous calls as well. 

 These results allowed us to proceed in analyzing 178 glioblastoma primary tumor 

samples obtained from The Cancer Genome Atlas (TCGA).  While no hits were genome-wide 

significant, more hits (139) were nominally significant (two tailed p < 0.005) than expected by 

chance (114).  Upon examining these ñtwilight zoneò hits further, we found that several of the 

hits correspond to synapse genes.  Other hits correspond to genes involved in the regulation of 
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kinases and transferases, which are relevant to cancer.  In addition, two hits even replicated with 

a germline glioblastoma GWAS study.  Finally, for two other hits, we found a correspondence 

between an alleleôs amplification status and the expression level for the corresponding gene 

variant; these two hits resided in the intronic regions of EGFR and DOCK4, respectively.  These 

encouraging results lend support to preferential allelic amplification being a real phenomenon 

that can be uncovered by ADT. 

 Lastly, we moved to calling the amplified alleles in next-generation sequence data so that 

downstream analysis such as ADT can be performed on the data.  This was done by our HMM-

based algorithm HATS, which uses allele-specific read counts and training data (in the form of 

phased germline haplotypes) to call the amplified alleles and construct amplified and non-

amplified haplotypes in called tumor regions of somatic copy number gain.  Evaluation of HATS 

strongly suggests its superior performance to that of the naïve method, especially when: coverage 

levels are low to intermediate, stromal contamination is present, or allele-specific biases are 

present.  This performance difference was observed in both simulated and real tumor data, even 

when the number of heterozygous sites in an amplicon was small.  These results allow us to 

present HATS, along with ADT, as methods to potentially aid the cancer community. 

7.1: Future Work 

 The theme of the thesis is the integration of variant classes towards identifying novel 

markers.  Additional variant classes may also be included in this intersection, such as germline 

CNVs, allele-specific methylation status, and histone marks.  Furthermore, expression can now 

be evaluated using RNA-seq in addition to the array data.  These additions would either 

necessitate expansions to ADT and HATS themselves or would lead to development of methods 

that interoperate with the two. 
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 ADT and HATS could themselves be extended to adapt to different platforms.  ADT 

currently analyzes common variants from SNP arrays.  It could be extended to handle rare 

variants or somatic mutations identified from next-generation sequencing platforms.  However, 

such variants would need to be grouped, for example by gene, locus, or pathway, in order to 

achieve sufficient statistical power (Gorlov et al. 2008; Li and Leal 2008).  Several methods have 

been developed towards this end for complex trait germline associations (Li and Leal 2008; 

Kryukov et al. 2009; Madsen and Browning 2009; Bhatia et al. 2010; Han and Pan 2010; Li et al. 

2010a; Li et al. 2010b; Liu and Leal 2010; Morris and Zeggini 2010; Price et al. 2010; 

Zawistowski et al. 2010; Neale et al. 2011).  ADT would thus be modified to pool rare variants 

in order to detect whether they are preferentially amplified across samples. 

 HATS, which operates on whole genome sequencing data, may be extended to handle 

whole exome data (Albert et al. 2007; Porreca et al. 2007; Turner et al. 2009).  The bias 

correction in HATS would need to be enhanced in this case in order to handle the additional 

layers of bias known to exist in exome data (Porreca et al. 2007; Ng et al. 2009; Turner et al. 

2009; Ng et al. 2010).  Furthermore, the data would exclude the regions between exons, 

potentially reducing available LD information across exon boundaries.  As such, the power 

leveraged from the training data may reduce and affect amplified haplotype calling.   

 HATS may also be expanded by calling haplotypes in regions possessing simultaneous 

amplification of a haplotype and deletion of the other haplotype (i.e. copy neutral LOH), while 

stromal contamination is present.  Lastly, an expanded ADT can be used to analyze amplified 

allelic calls (as made by HATS) and detect selectively amplified alleles across tumors sequenced 

on these modern platforms.  
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Appendix 

The appendix contains supporting information not included in the main body of the thesis.  This 

information may include extra figures, tables, analytical details, and extra details to the 

methodology presented earlier. 

Appendix A. Supporting Material for ADT P ower Evaluation 

The following sections serve to supplement the manuscript with extra detailed information 

relevant to ADT and its evaluation.  The figures are present in the first section. 

Note on Biological Data: 

The simulation framework used in the evaluation of ADT defines parameters whose default 

values are based on that of real data.  These real datasets comprise of 204 glioblastoma tumor 

CEL files obtained from The Cancer Genome Atlas (TCGA) as well as 698 lung tumor CEL files 

obtained from Dr. Matthew Meyerson at the Broad Institute.  While much of the lung tumor data 

is available online at (http://www.broad.mit.edu/tsp), the glioblastoma tumor data is protected 

under TCGA confidentiality guidelines.  Readers, however, are able to apply at the TCGA 

website (http://tcga-data.nci.nih.gov/tcga/homepage.htm) for access to CEL files. 

A.1: Method Evaluation Figures 

The performance of ADT on the various parameters is depicted below for both datasets.  Each 

graph explains the default values and indicates the genome-wide significance thresholds 

(GWST) as well as the sensitivities as they vary with the values of the parameter in question.  

For each parameter value along a graphôs x-axis, 100 datasets are generated; in turn, 100 GWSTs 

are calculated via permutation testing, and 100 sensitivities are ascertained.  The mean of the 100 

GWSTs and the mean of the 100 sensitivities are then plotted for that parameter value.   

http://www.broad.mit.edu/tsp
http://tcga-data.nci.nih.gov/tcga/homepage.htm
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Specificity, while not shown, remains at 0.99 or more for all graphs across all parameter values.   

 Overall, ADT performs with strong sensitivity and specificity for larger datasets but with 

weak sensitivity on smaller datasets.  Furthermore, performance drops when: phases not 

containing the driver allele are amplified to a similar degree as phases containing the driver 

allele; datasets contain low numbers of samples amplified in recurrently amplified stretches; the 

number of recurrently amplified stretches is high; the recurrently amplified stretches are long; 

the number of non-recurrently amplified stretches is high; or the non-recurrently amplified 

stretches are long. 
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Figure A1: GWST and Sensitivity vs. Mean Length of a Recurrently Amplified Stretch (for Datasets A (204 

samples), B (698 samples), C (345 samples)).  In this scenario, there are roughly 5 recurrently amplified regions 

(each containing a truth positive region), with their lengths ranging from several kilobases to several megabases (left 

(B) 

(A) 

(C) 
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to right along the log x-axis).  As the length increases, the GWST increases, thus causing the sensitivity to decrease. 

The gold points near 390kb on the logarithmic x-axis represent the default parameter value, and the respective 

dataset sensitivities at this point are: 0.38 for (A), 0.85 for (B), and 0.60 for (C).   
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Figure A2: GWST and Sensitivity vs. Number of Recurrently Amplified Stretches (for Datasets A, B, C).  The 

number of recurrently amplified regions (each containing a truth positive region) ranges from 5 to 530 (for (A)) or 

from 4 to 400 (for (B) and (C)), with their lengths determined by an exponential distribution with a mean of 390kb 

(B) 

(A) 

(C) 
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(as determined by parameter Mean Length of a Recurrently Amplified Stretch).  As the number of recurrently 

amplified stretches increases, GWST increases, thus causing sensitivity to decrease.  The gold points near 5 on the 

log x-axis represent the default parameter value; the respective dataset sensitivities at this point are: 0.32 for (A), 

0.84 for (B), and 0.64 for (C). 
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Figure A3: GWST and Sensitivity vs. Mean Length of a Non-Recurrently (Sample-Specific) Amplified 

Stretch (for Datasets A, B, C).  There are roughly 5 recurrently amplified regions (each containing a truth positive 

region), with their lengths determined by an exponential distribution with a mean of 390kb (as determined by 

parameter Mean Length of a Recurrently Amplified Stretch).  There are also roughly 5 non-recurrent (or sample-

specific) amplified stretches per sample, with their lengths varying from several kilobases to several megabases (left 

(B) 

(A) 

(C) 
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to right along the log x-axis).  There are no driver alleles in non-recurrent stretches.  The GWST appears to remain 

constant until (25Mb (A), 5Mb (B), 7Mb (C)) on the log x-axis, after which it increases due to increasing overlap of 

sample specific regions across samples (virtually making them recurrently amplified regions).  When the GWST 

remains relatively constant, the sensitivity oscillates around (0.34 (A), 0.85 (B), 0.65 (C)).  Sensitivity decreases as 

GWST increases (where the sample-specific stretches are becoming long in the megabases).  The gold points 

represent the default values, around a sensitivity of 0.36 (A), 0.83 (B), and 0.63 (C).   
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Figure A4: GWST and Sensitivity vs. Number of Non-Recurrently (Sample-Specific) Amplified Stretches (for 

Datasets A, B, C).  There are roughly 5 recurrently amplified regions (each containing a truth positive region), with 

their lengths determined by an exponential distribution with a mean of 390kb (as determined by parameter Mean 

Length of a Recurrently Amplified Stretch).  The number of sample-specific amplified stretches varies from 5 to 530 

(B) 

(A) 

(C) 
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(for (A)) or 4 to 400 (for (B) and (C)), with their lengths determined by an exponential distribution with a mean of 

2.5Mb.  There are no driver alleles in non-recurrent stretches.  The GWST increases steadily as the number of 

regions increases because the sample-specific regions in fact become overlapping regions across samples.  As the 

GWST increases, sensitivity decreases.  The gold points represent the default values, with sensitivities: 0.34 (A), 

0.84 (B), 0.64 (C). 
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Figure A5: GWST across value combinations of two parameters (for Datasets A (204 samples) and B (698 

samples)).  The two parameters are denoted on the z- and x-axes.  There are roughly 5 recurrently amplified regions 

(each containing a truth positive region), with their lengths determined by an exponential distribution with a mean of 

390kb (as determined by parameter Mean Length of a Recurrently Amplified Stretch).  There are also roughly 5 

non-recurrent (or sample-specific) amplified stretches per sample, with their lengths determined by an exponential 

(B) 

(A) 
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distribution with a mean of 2.5Mb.  Note that the parameter (Probability of Amplifying the Driver Allele) does not 

appear to affect the GWST significantly.  The GWST rises early but tapers just above the value of 3.5 as the sample 

amplification parameter value increases.  Non-zero GWSTs are possible when the sample amplification parameter is 

designated zero because: this parameter represents the mean on a normal distribution with standard deviation 0.03; 

thus, when sampling probabilities from this distribution, some samples may be amplified with small (but non-zero) 

probability. 
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Figure A6: Sensitivity across value combinations of two parameters, for Datasets A (204 samples) and C (345 

samples).  The two parameters are denoted on the z- and x-axes and have the ability to significantly affect 

sensitivity of ADT.  There are roughly 5 recurrently amplified regions (each containing a truth positive region), with 

their lengths determined by an exponential distribution with a mean of 390kb (as determined by parameter Mean 

Length of a Recurrently Amplified Stretch).  There are also roughly 5 non-recurrent (or sample-specific) amplified 

(C) 

(A) 
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stretches per sample, with their lengths determined by an exponential distribution with a mean of 2.5Mb.  Sensitivity 

remains low when the phase not containing the driver allele is amplified with greater probability (i.e. as the 

parameter remains close to 0.5), making the data reflect the null hypothesis.  Thus, if a driver allele does indeed 

exist in a cancer dataset but its phase is not consistently amplified, ADT will have difficulty in identifying the region 

as significant.  Sensitivity at the default parameter (0.20 for sample amplification and 0.90 for driver allele 

amplification) values reaches 0.35 for (A) and 0.63 for (C).  Considering the default parameter values represent 

properties seen in real data, this signifies that ADT will not perform optimally on real datasets with small sample 

sizes, such as Dataset A. 
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Chromosome-Wide Significance Threshold across Parameters 

 

Figure A7: CWST in Recurrent Stretches on Dataset A: 204 Samples.  (a) CWST and Sensitivity vs. Mean 

Length of a Recurrently Amplified Stretch.  In this scenario, there are roughly 5 recurrently amplified regions 

(each containing a truth positive region), with their lengths ranging from several kilobases to several megabases (left 

to right along the log x-axis).  As the length increases, the CWST (chromosome-wide significance threshold) 

increases, thus causing the sensitivity to decrease.  The gold points near 390kb on the logarithmic x-axis, 

corresponding to a sensitivity of 0.55, represent the default parameter value.  (b) CWST and Sensitivity vs. 

(b) 

(a) 
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Number of Recurrently Amplified Stretches.  The number of recurrently amplified regions (each containing a 

truth positive region) ranges from 5 to 530, with their lengths determined by an exponential distribution with a mean 

of 390kb (as determined by parameter Mean Length of a Recurrently Amplified Stretch).  As the number of 

recurrently amplified stretches increases, CWST increases, thus causing sensitivity to decrease.  The gold points 

near 5 on the log x-axis, corresponding to a sensitivity of 0.52, represent the default parameter value. 

 

Figure A8: CWST in Non-Recurrent Stretches on Dataset A: 204 Samples. There are roughly 5 recurrently 

amplified regions (each containing a truth positive region), with their lengths determined by an exponential 

distribution with a mean of 390kb (as determined by parameter Mean Length of a Recurrently Amplified Stretch).  

(a) CWST and Sensitivity vs. Mean Length of a Non-Recurrently (Sample-Specific) Amplified Stretch.  There 

(b) 

(a) 
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are also roughly 5 non-recurrent (or sample-specific) amplified stretches per sample, with their lengths varying from 

several kilobases to several megabases (left to right along the log x-axis).  There are no driver alleles in non-

recurrent stretches.  The CWST appears to remain constant until 25Mb on the log x-axis, after which it increases due 

to increasing overlap of sample specific regions across samples (virtually making them recurrently amplified 

regions).  When the CWST remains relatively constant, the sensitivity oscillates around 0.55.  Sensitivity decreases 

as CWST increases (where the sample-specific stretches are becoming long in the megabases).  The gold points 

represent the default values, around a sensitivity of 0.50. (b) CWST and Sensitivity vs. Number of Non-

Recurrently (Sample-Specific) Amplified Stretches.  The number of sample-specific amplified stretches varies 

from 5 to 530, with their lengths determined by an exponential distribution with a mean of 2.5Mb.  There are no 

driver alleles in non-recurrent stretches.  The CWST increases steadily as the number of regions increases because 

the sample-specific regions in fact become overlapping regions across samples.  As the CWST increases, sensitivity 

decreases.  The gold points represent the default values at sensitivity 0.47. 

 

 

Figure A9: Sensitivity across value combinations of two parameters via using a Chromosome-Wide 

Significance Threshold.  Dataset A: 204 Samples.  The two parameters are denoted on the z- and x-axes and have 

the ability to significantly affect sensitivity of ADT.  There are roughly 5 recurrently amplified regions (each 
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containing a truth positive region), with their lengths determined by an exponential distribution with a mean of 

390kb (as determined by parameter Mean Length of a Recurrently Amplified Stretch).  There are also roughly 5 

non-recurrent (or sample-specific) amplified stretches per sample, with their lengths determined by an exponential 

distribution with a mean of 2.5Mb.  Sensitivity remains low as the phase not containing the driver allele is amplified 

with greater probability (i.e. as the parameter remains close to 0.5), making the data reflect the null hypothesis.  

Thus, if a driver allele does indeed exist in a cancer dataset but its phase is not consistently amplified, ADT will 

have difficulty in identifying the region as significant.  Sensitivity at the default parameter (0.20 for sample 

amplification and 0.90 for driver allele amplification) values reaches 0.57. 
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Figure A10: Sensitivity from Cochran -Mantel-Haenszel (CMH) Test across value combinations of two 

parameters, with the minor allele selected in (a) and the major allele selected in (b). Dataset A: 204 Samples.  

The two parameters are denoted on the z- and x-axes and have the ability to significantly affect sensitivity of the 

CMH component of ADT.  The default parameter values are: 0.2 for sample amplification and 0.7 for driver allele 

homozygote bias.  (a) In this scenario, when establishing gold standard regions, the minor allele at the driver SNP 

marker was selected for amplification in both heterozygote and homozygote calls.  Sensitivity at the default 

(a) 

(b) 
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parameter values remains low at 0.02.  Sensitivity increases as the driver allele homozygote bias parameter increases 

but decreases as the sample amplification parameter increases due to increasing saturation of amplified calls. (b) In 

this scenario, when establishing gold standard regions, the major allele at the driver SNP marker was selected for 

amplification in both heterozygote and homozygote calls.  Sensitivity at the default parameter values remains at 0.  

Sensitivity increases as the driver allele homozygote bias parameter increases.  It also increases as the sample 

amplification parameter increases because an increasing fraction of major allele homozygous calls are designated as 

amplified, widening the gap from the amplified homozygote fraction of the minor allele.  
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Figure A11: Sensitivity from Cochran-Armitage (CA) Test across value combinations of two parameters, 

with the minor allele selected in (a) and major allele selected in (b). Dataset A: 204 Samples.  The two 

parameters are denoted on the z- and x-axes and have the ability to significantly affect sensitivity of the CA 

component of ADT.  Default parameter values are: 0.2 for sample amplification and 0.7 for driver allele 

homozygote bias.  (a) In this scenario, when establishing gold standard regions, the minor allele at the driver SNP 

marker was selected for amplification in both heterozygote and homozygote calls.  Sensitivity at the default 

(b) 

(a) 
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parameter values remains low at 0.04.  Sensitivity increases as the driver allele homozygote bias parameter increases 

but decreases as the sample amplification parameter increases due to increasing saturation of amplified calls.  (b) In 

this scenario, when establishing gold standard regions, the major allele at the driver SNP marker was selected for 

amplification in both heterozygote and homozygote calls.  Sensitivity at the default parameter values remains at 0.  

Sensitivity increases as the driver allele homozygote bias parameter increases.  It also increases as the sample 

amplification parameter increases because an increasing fraction of major allele homozygous calls are designated as 

amplified, widening the gap from the amplified homozygote fraction of the minor allele. 
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Figure A12: Sensitivity from ADT Binomial Test (ADT-BT), Cochran Armitage (CA) Test, and Cochran-

Mantel-Haenszel (CMH) Test across value combinations of two parameters, with the minor allele selected in 

(a) and the major allele selected in (b). Dataset A: 204 Samples.  The two parameters are denoted on the z- and x-

axes and have the ability to significantly affect sensitivity of the CMH and CA components of ADT.  All other 

parameters remain at their default values.  Since Bias to Amplify Driver Allele Homozygous Calls is independent of 

(a) 

(b) 
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the binomial test, Probability of Amplifying a Sample in a Recurrently Amplified Stretch is the only parameter in this 

case that can alter ADT-BT performance.  When establishing gold standard regions, the minor allele at the driver 

SNP marker was selected for amplification in both heterozygote and homozygote calls in (a), while the major allele 

at the driver SNP marker was selected in (b).  The sensitivity reported at each parameter value combination is the 

proportion of gold standard driver regions (within each generated dataset per iteration for that parameter value 

combination) that contain genome-wide significant SNPs via at least one of the three tests.  The portion of the 

surface graph outlined by the red border indicates the parameter value combinations for which ADT-BT comprises 

the bulk of the sensitivity.  The remaining portion indicates parameter value combinations for which CMH or CA 

contribute to the bulk of the sensitivity. 

A.2: Biological Results 

 

Figure A13: Quantile-Quantile (QQ) Plot of ADT Binomial Test statistic.  Dataset A: 204 Samples.  Both axes 

are present in a log10 scale.  Aside from the strongest two hits, the statistic follows the distribution expected under 

the null hypothesis.  To avoid strong effects of discrete probabilities from small sample sizes, only SNPs with 6 or 

more amplified heterozygous samples are presented. 
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A.3: Determination of Simulation Default Parameters, Illumina 550K Dataset A (204 

Samples) 

During the evaluation procedure, seven parameters are used during the simulation of datasets to 

reflect various properties of copy number aberration (CNA) regions across the SNP markers 

genome-wide.  The default values of these seven parameters were reached after examining 

corresponding properties in Dataset A, the 204 glioblastoma samples run on the Illumina 550K 

platform.  Furthermore, there was another restriction.  Permutation testing revealed a genome-

wide significance LOD threshold of 3.61 in Dataset A.  Since the goal was to set the default 

values to reflect Dataset A as close as possible, the default values were set to exhibit this 

significance threshold upon permutation testing. 

 The Sample Amplification Charts below display the number of samples amplified per 

marker across the genome.  Peaks represent regions or stretches of recurrent amplification.  The 

number of peaks containing distortion was used to set the default value of parameter: Number of 

Recurrently Amplified Stretches.  The number of peaks can also be viewed in the Manhattan plot 

in Section 4.3.2: Biological Results. 

 The lengths of the individual peaks in the graphs below were used to model the default 

value of the parameter: Mean Length of a Recurrently Amplified Stretch.  By ñlength of a peakò, 

we mean the genomic span of markers in which the number of samples amplified are generally 

elevated compared to surrounding markers.  The height of the peaks revealed the number (or 

fraction) of samples amplified in a recurrent stretch.  These heights were used to model the 

default value of the parameter: Probability of Amplifying a Sample within a Recurrently 

Amplified Stretch.  When simulating data, the number of samples actually amplified at a driver is 

determined via sampling from a normal distribution with the parameter value set as the 
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distribution mean; this allows for varying numbers of samples to be amplified for different 

peaks.  The length and height of the peaks that display distortions in the Manhattan plot are given 

in the following table. 

 

Table A1: Peak Heights and Lengths for Amplified Stretches Containing Distortions.  This table contains the 

heights and lengths of the peaks corresponding to distortion hits resulting from the ADT binomial test.  These 

quantities are used to model default values for certain simulation parameters.  The probability of amplifying a 

sample in a recurrently amplified stretch is modeled as a normal distribution with mean of 0.20, based on the mean 

of the values in the third column.  The length of a recurrently amplified stretch is modeled on an exponential 

distribution with mean length 390 kb, which allows for the long stretches as seen on chromosome 7.  The distortion 

score for chromosome 14 was relatively weak compared to the others, and so only 5 peaks were used to set the 

default value of the Number of Recurrently Amplified Stretches.  The final column presents the tendency towards 

amplifying an alleleôs homozygous calls at the marker with the distortion hit.  The mean of the values in this column 

result in the default value of parameter: Bias to Amplify Driver Allele Homozygous Calls. 

Chromosome # Samples 

Amplified  

Fraction Samples 

Amplified  

Peak 

Length 

Bias to Amplify Driver 

Allele Homozygous Calls 

7 67 0.33 2 MB 0.6 

7 68 0.33 1.1 MB 0.7 

11 47 0.23 390 kb 0.59 

12 25 0.12 428 kb 0.84 

14 22 0.11 453 kb 0.87 

19 27 0.13 335 kb 0.68 

 

To set the default value for parameter Probability of Amplifying the Driver Allele, we examined 

the distortion of the top two SNP hits that passed the 3.61 significance threshold in Dataset A.  

The top SNP (rs1997375) fails genotype concordance tests following imputation (see Table 4.3); 
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however, rs10250847 has good concordance.  This SNP resides on chromosome 7 at position 

54620005.  Out of 17 amplified heterozygous calls, 16 possess amplification of the G allele, 

while only 1 possesses amplification of the A allele.  We take this fraction and round it down to 

reach 0.90, the default value of the parameter.  The top third and fourth SNP hit, which lie just 

below the significance threshold, also possess imbalance fractions of ~0.90. 

 Estimation of the parameters relevant to sample-specific amplified stretches were reached 

by examining matrix amplification charts for samples across the chromosomes, an example of 

which is given below in Figure A17. 

 As hoped, repeated permutation analysis on these parameter default values consistently 

resulted in genome-wide significance thresholds of ~3.6 on Dataset A (using the binomial test 

component of ADT). 
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Sample Amplification Charts 

The following charts are very high resolution and can be viewed via the zoom utility. 

 

Figure A14: Sample Amplification Graphs for Chromosomes with Amplification and with Distortion.  These 

graphs display the number of samples amplified per marker for the chromosomes that possess distortion from the 

binomial test component of ADT (peaks on the Manhattan plot in Figure 4.6).  The peaks, which represent recurrent 

amplification stretches, correspond to the distortion peaks in the Manhattan plot.  The likely reason is that peaks in 

these graphs imply sufficient amplified heterozygous calls, and thus sufficient power, to produce distortions in the 

Manhattan plot.  The number of peaks containing distortion was used to set the default value of parameter: Number 
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of Recurrently Amplified Stretches.  The average length of these individual peaks were used to model the default 

value of the parameter: Mean Length of a Recurrently Amplified Stretch.  Finally, the percentage of samples 

amplified in these peaks were used to model the default value of the parameter: Probability of Amplifying a Sample 

within a Recurrently Amplified Stretch. 

 

Figure A15: Sample Amplification Graphs for Chromosomes with Amplification but no Distortion.  These 

graphs display the number of samples amplified per marker for the chromosomes (4, 16), which display notable 

amplification peaks (at least 10% of samples amplified) but no distortion scores. 
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Figure A16: Sample Amplification Graphs for Remaining Chromosomes. Dataset A: 204 Samples.  These 

graphs display the number of samples amplified per marker for the remaining chromosomes.  The sample 

amplification counts are generally low across these chromosomes and are shown here for completionôs sake.  No 

markers in these chromosomes possess notable ADT binomial test distortion scores.   
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Sample Amplification Matrix Plot 

 

Figure A17: Sample Amplification Matr ix Plot Examples.  The graphs are matrix plots that reveal which samples 

are amplified at which positions on chromosome 7 and 11, respectively.  Chromosome 7 has recurrently amplified 

regions, as seen at ~55Mb and ~63Mb.  Furthermore, this chromosome exhibits long stretches of amplification.  

Four samples amplify close to the entirety of the chromosome.  Eight samples amplify between a third and a half of 

the chromosome.  Five more samples amplify between a fourth and third of the chromosome.  It should be noted that 

chromosome 7 is unique in containing so much amplification.  The matrix plots for the other chromosomes are 

sparser, as seen in the second graph representing chromosome 11, which has a recurrently amplified region around 

~51Mb. 
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A.4: Simulator in Mathematical Notation 

The following text precisely describes the steps by which we simulate SNP and CNA tumor data 

in mathematical notation.  The simulator first requires phased genotype data as input.  Such data 

can be obtained by processing existing genotype data through known computational phasing 

algorithms.  Our data was phased using Beagle 3.0 (Browning and Browning 2007), although 

other algorithms can be used so long as the end result is phased genotype data.  

 We model the input phased genotype data as two m × n matrices: P
0
 and P

1
, where m is 

the number of SNP markers and n is the number of samples.  The former matrix contains the first 

phased haplotype for each sample, and the latter matrix the second.  Each matrix element can be 

accessed via indices i and j, where (0 Ò i < m, 0 Ò j < n).  For example, if ñAò is the A allele at a 

SNP and ñGò is the B allele at a SNP, the genotype ñAGò is represented by P
0
[i, j] = ñ0ò and 

P
1
[i, j] = ñ1ò.  From this point onwards, we will also utilize two variables:  

ὼ, such that ὼ Í { 0, 1}; we define the complement operator ὼӶ such that  = 1 and  = 0 

ώ, such that ώ Í { 0, 1}; we define the complement operator ώ such that  = 1 and  = 0 

Recurrently Amplified Stretches 

We want to first designate those SNPs that will participate in recurrently amplified stretches and 

those that will not.  To this effect, we define a boolean vector RE of length m, where each 

element represents whether a SNP participates (value of 1) or not (value of 0).  We first, 

however, convert two parameters into probabilities for use in the vector definition: 

 Pr(RE[i] = 1|RE[i - 1] = 0) = (Number of Recurrently Amplified Stretches) / m 

 Pr(RE[i] = 1|RE[i - 1] = 1) = 1 ï (1 / (Mean Length of a Recurrently Amplified Stretch)) 

 RE[i] = 1  if RE[i - 1] = 1 and with Pr(RE[i] = 1|RE[i - 1] = 1) 
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           = 1  if RE[i - 1] = 0 and with Pr(RE[i] = 1|RE[i - 1] = 0) 

           = 0  otherwise 

 The base case is: RE[0] = 0 

Let r be a recurrent stretch bounded by two marker indices i
r
begin and i

r
end such that (RE[i

r
begin], 

RE[i
r
begin + 1], é, RE[i

r
end]) all equal 1, while (RE[i

r
begin - 1] = 0) and (RE[i

r
end + 1] = 0).  The 

driver SNP will exist at the midpoint of this stretch at index i
r
mid = ê(i

r
begin + i

r
end) / 2ú.  The driver 

allele rDriverAllele is chosen either to be: the allele with the greater allele frequency at the marker, 

or the allele with the smaller allele frequency at the marker, whichever is desired (this has no 

effect on strictly heterozygote analysis but is critical for homozygous analysis). 

rDriverAllele = ñ0ò the A allele is chosen 

                    = ñ1ò  the B allele is chosen 

We next define a bit vector SampleAmplified that determines whether a sample is to be 

amplified in a recurrent stretch: 

SampleAmplified[j] = 1       with Pr(Amplifying a Sample within a Recurrently Amplified Stretch) 

                                 = 0        otherwise 

Thus, the samples to be amplified are chosen with a certain probability.  A certain subset of these 

chosen amplified samples will be heterozygote calls at the driver SNP, while the remainder at the 

driver SNP will be homozygote calls.  We retain the amplified heterozygous subset but adjust the 

amplified homozygote subset as to reflect the parameter Bias to Amplify Driver Allele 

Homozygous Calls as follows.   

 Suppose there are z amplified homozygous calls in the SampleAmplified vector (z 
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elements corresponding to homozygous calls that were assigned a value of ñ1ò).  We first reset 

the elements in this vector (corresponding to the amplified homozygous calls) to 0.  Out of the 

homozygous calls at the driver SNP, we randomly designate zô of the total AA  homozygous calls 

as amplified and z
+
 of the total BB homozygous calls as amplified such that: 

¶ z = zô + z
+
 

¶ If rDriverAllele = 0,  

o 
 ἋἋ  

 ἌἌ  

 
      

      
  

¶ If  rDriverAllele = 1,  

o 
 ἌἌ   

 ἋἋ  

 
      

      
  

In this manner, we assign homozygous amplification preference separate from that of 

heterozygotes. 
 
We finally designate those SampleAmplified elements corresponding to the zô 

and z
+
 homozygous calls as ñ1ò.  This concludes how samples are chosen to be amplified in a 

recurrently amplified stretch. 

 We then create a bit vector ChoosePhaser that contains the phase to be amplified within 

the stretch: 

ChoosePhaser[j] = ώ  if 0 [i
r
mid, j] Í 0 [i

r
mid, j] and 0 [i

r
mid, j] = rDriverAllele 

                           = ώ  if 0 [i
r
mid, j] = 0 [i

r
mid, j] and with Pr(0.5) 

                           = ώ  otherwise 

Thus far, the phases have been chosen in perfect accordance with the driver allele.  This however 
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does not reflect true cancer data.  Thus, we use parameter Probability of Amplifying the Driver 

Allele to potentially flip the phase to be amplified: 

ChoosePhaseFinalr[j] = 1 - ChoosePhaser[j]  if P
0
[i

r
mid, j] Í P

1
[i

r
mid, j] and  

                                                                   with Pr(1 - Probability of Amplifying the Driver Allele) 

                                    = ChoosePhaser[j]  in all other cases 

We next create two matrices P
0
Final and P

1
Final that contain the amplifications for stretch r: 

0Final[i, j] = Concat(0 [i, j], 0 [i, j]) if ChoosePhaseFinalr[j] = ώ and SampleAmplified[j] = 1 

 
 
                  = 0 [i, j]   if ChoosePhaseFinalr[j] = ώ or SampleAmplified[j] = 0 

The recurrent stretch r can be represented within the D matrices (described earlier) as such: 

$ [i, j] = 0  

 
 
       + |P

0
Final[i, j]| (if P

0
[i, j] is the SNP ὼ allele) 

 
 
       + |P

1
Final[i, j]| (if P

1
[i, j] is the SNP ὼ allele) 

 

Non-Recurrently Amplified Stretches 

Next, we designate those SNPs for each sample that will participate in non-recurrently amplified 

stretches and those that will not.  To this effect, we define an m × n matrix NR that contains non-

recurrent amplification status for each SNP and sample.  We first, however, convert two 

parameters into probabilities for use in the vector definition: 

 Pr(NR[i, j] = 1|NR[i - 1, j] = 0) = (Number of Non-Recurrently Amplified Stretches) / m 

 Pr(NR[i, j] = 1|NR[i - 1, j] = 1) =  

                             1 ï (1 / (Mean Length of a Non-Recurrently Amplified Stretch)) 
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 NR[i, j] = 1 if (RE[i] = 0) and (RE[i - 1] = 1 or NR[i - 1, j] = 1)  

                       and with Pr(NR[i, j] = 1|NR[i - 1, j] = 1) 

              = 1 if (RE[i] = 0) and (RE[i - 1] = 0 and NR[i - 1, j] = 0) 

                       and with Pr(NR[i, j] = 1|NR[i - 1, j] = 0) 

              = 0 otherwise 

 The base case is: NR[0, j] = 0 

Let c be a non-recurrent stretch bounded by two marker indices i
c
begin and i

c
end such that 

(NR[i
c
begin], NR[i

c
begin + 1], é, NR[i

c
end]) all equal 1, while (NR[i

c
begin - 1] = 0) and (NR[i

c
end + 

1] = 0).  Note that distortion is not enforced in such stretches, and thus there is no driver SNP. 

 We next create two matrices Q
0
Final and Q

1
Final that contain the amplifications for stretch 

c: 

Q
0
Final[i, j] = Concat(P

0
[i, j], P

0
[i, j])  with Pr(0.5) 

 
 
                 = P

0
[i, j]    otherwise 

Q
1
Final[i, j] = Concat(P

1
[i, j], P

1
[i, j])  if (Q

0
Final[i, j] = P

0
[i, j]) 

 
 
                  = P

1
[i, j]    otherwise 

The non-recurrent stretch c can be represented within the D matrices (described earlier) as such: 

$ [i, j] = 0  

 
 
       + |Q

0
Final[i, j]| (if P

0
[i, j] is the SNP ὼ allele) 

 
 
       + |Q

1
Final[i, j]| (if P

1
[i, j] is the SNP ὼ allele) 

The remaining SNPs do not house any amplifications, whether recurrent or non-recurrent.  We 

assign calls for samples at these SNPs into the D matrices as follows: 
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$ [i, j] = 0  

 
 
       + |P

0
[i, j]| (if P

0
[i, j] is the SNP ὼ allele) 

 
 
       + |P

1
[i, j]| (if P

1
[i, j] is the SNP ὼ allele) 

The $  matrices are now ready for processing via ADT. 
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A.5: Software 

This page provides links to HADiT, the software written in Java that implements the 

Amplification Distortion Test (ADT).  The following sections will guide you through 

downloading, building, and running HADiT. 

Download: 

The HADiT source code is available at: http://sourceforge.net/projects/hadit/ 

The files should be available publicly under the SVN Repository option under the ñDevelopò 

tab. 

Dependencies: 

HADiT has dependencies on the following publicly available libraries.  Please download them 

in order to build HADiT.   

1. Colt Math Library: http://acs.lbl.gov/~hoschek/colt/ 

2. Commons Math Library: http://commons.apache.org/math/ 

3. JFreeChart: http://www.jfree.org/jfreechart/ 

 

Building HADiT: 

HADiT requires Java Development Kit (JDK) 1.5 or higher in order to compile.  Assuming that 

the source code is in the directory $PROJECT_DIR/src, the libraries are in 

$PROJECT_DIR/lib, and the user is in the source code directory, the command to compile the 

source code, as well as link in the libraries, on UNIX systems is: 

javac *.java - d ../bin/  - classpath .:../lib/commons - math - 1.1/commons -

math - 1.1.jar:../lib/jfreechart - 1.0.6/lib/jcommon -

1.0.10.jar:../lib/jfreechart - 1.0.6/lib/jfreechart -

1.0.6.jar:../lib/jfreechart - 1.0.6/lib/jfreechart - 1.0.6 -

swt.jar:../lib/colt/lib/colt.jar:../lib/colt/lib/concurr ent.jar  

 

The class files will be placed in the $PROJECT_DIR/bin directory (make sure you create it 

http://sourceforge.net/projects/hadit/
http://acs.lbl.gov/~hoschek/colt/
http://commons.apache.org/math/
http://www.jfree.org/jfreechart/
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before compiling).  Note that the libraries downloaded may be updated from the versions listed 

in the command above; please update the command with the newer versions before executing 

the command. 

Running HADiT: 

There are several sample data files you will need to download first.  These data files represent 

simulated data instead of real data.  They represent the SNP and CNA information, as well as 

sample information, and the nucleotide map at each SNP marker.  The samples have been 

denoted as lung cancer samples, as the data is based on data provided by Dr. Matthew Meyerson 

(available in raw form at http://www.broad.mit.edu/tsp).  However, the choice of cancer type is 

arbitrary in the context of simulated data.  These files can be downloaded at the SourceForge 

link above via the file MethodsPaper.SimulatedData.rar.   

 Unrar the file into a directory of your choice, which we will represent as $DATA 

 

Calculating Amplification Distortion 

Running HADiT on this data translates to running ADT on the data.  The command for doing 

this is given in the example script file run.ADT.scr.  This script assumes the user is in the 

$PROJECT_DIR directory.  The output will reside in the $DATA\Results\ directory (make sure 

to create it first before running HADiT).  Please open and view the file 

TaskList.AmplificationDistortion.txt , as it will explain certain parameters used for 

distortion calculation. 

 The most relevant output files will end in the .CountsSplit.txt extension, one file per 

chromosome.  These files contain amplification distortion LOD scores for each allele or 

haplotype starting at each SNP.  The columns are: 

1) Sliding Window Number 

http://www.broad.mit.edu/tsp
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2) Chromosome 

3) Position Start 

4) Position End 

5) rsID (without the ñrsò prefix) 

6) Number of amplified alleles or haplotypes within that window  

7) The allele or haplotype 

8) Number of amplified instances of that allele or haplotype starting at the given window. 

9) Number of non-amplified instances of that allele or haplotype starting at the given 

window. 

10) The p-value of the binomial test for testing the number of amplified instances of the 

allele or haplotype (column 8) versus the total instances of that allele or haplotype. 

11) The p-value of the binomial test for testing the number of non-amplified instances of the 

allele or haplotype (column 9) versus the total instances of that allele or haplotype. 

12) A boolean indicator variable depicting whether column 10 is nominally significant (p Ò 

0.05) or not. 

13) The LOD score, which is ïlog10(column 10) 

Columns after these indicate information that can be ignored.  One of the following columns 

may indicate the samples that contribute to the count in column 8.  Thus, ADT returns LOD 

scores for every allele or haplotype.  However, only a fraction of the LOD scores are significant 

genome-wide.   

Calculating the Genome-wide Significance Threshold (GWST) 

An example file for calculating the GWST is run.ADT.Permutation.Test.scr.  This script 

assumes the user is in the $PROJECT_DIR directory.  The output will reside in the 
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$DATA\Results\Perm\ directory (make sure you create it first before running HADiT).  Please 

open and view the TaskList.PermutationTest.txt  file, as it will explain certain parameters 

used for permutation testing. 

 The relevant files are those starting with the prefix ñTop_ò.  Each file corresponds to a 

chromosome and contains the top 10,000 LOD scores for that chromosome over the iterations.  

To calculate the GWST, run the following UNIX commands: 

 

for i in `seq 1 22`; do cat Top_10000.NumIter.10000.Lung.Win.1.Chr_$i.txt >> 

Top_10000.NumIter.10000.Lung.Win.1.Chr_All.txt; done;  

 

sort - n - r +12.0 Top_10000.NumIter.10000.Lung.Win.1.Chr_All.txt | head - 100  

 

The row at the bottom of the output contains the LOD score that is the GWST.  We used (-100) 

as the argument for the óheadô command to achieve a significance level of 0.01.  In other words, 

the 100
th
 sorted LOD score has a 100 * (1 / number of iterations) = 100 * (1 / 10,000) = 0.01 

probability of appearing by chance during the 10,000 iterations. 

 We can now extract those ADT LOD scores that are significant genome-wide.  Using 

GWST as a variable in this explanation, we run: 

for i in `seq 1 22`; do gawk ó($13 >= GWST) { print $0; }ô 

Hap.Amp.Lung.Win.1.Chr_$i.CountsSplit.txt >> 

Hap.Amp.Lung.Win.Chr_All.CountsSplit.SigHits.txt; done;  

 

The file (Hap.Amp.Lung.Win.Chr_All.CountsSplit.SigHits.txt ) should contain all those 

alleles (or haplotypes, if performing haplotype analysis) that pass the GWST.   

Viewing the ADT Results in a Manhattan Plot 

A Manhattan plot of the LOD scores from ADT can be generated via the example script 

run.ADT.ManhattanPlot.scr.  This script assumes the user is in the $PROJECT_DIR directory.  
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The output will reside in the same directory as the .CountsSplit.txt files and should resemble: 
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Appendix B. Supporting Material for TCGA Glioblastoma ADT Analysis 

 

Figure B1. (A) Chromosome 7: Condensed Haploview r
2
 LD Plot for the three ADT hits (rs10255873, rs10267828, 

rs1557841) in NXPH1. This condensed plot does not display SNPs in the region that are not ADT hits. The plot 

indicates that the SNPs are in LD in HapMap CEU data. (B) Chromosome 7: Condensed Haploview r
2
 LD Plot for 

the five ADT hits (rs6963353, rs40, rs2107479, rs1467344, rs10950366) in THSD7A. This condensed plot does not 

display SNPs in the region that are not ADT hits. The plot indicates that the latter two SNPs are in LD in HapMap 

CEU data. (C) Chromosome 7: Condensed Haploview r
2
 LD Plot for the seven ADT (rs2530552, rs425990, 

rs2530571, rs324389, rs10267134, rs10278663, rs17199888) in NPSR1. This condensed plot does not display SNPs 

in the region that are not ADT hits. The plot indicates that the first three SNPs are in reasonable LD in HapMap 

CEU data, and the same holds for the latter three SNPs. Any blank red blocks indicate r
2
 = 1.0 (100). (D) 

Chromosome 7: Condensed Haploview r
2
 LD Plot for the three ADT hits (rs6965611, rs2464946, rs11238181) in a 






































