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The study of genomics is made possible by the creation of genome assemblies: strings of sequences that 

represent the DNA content of a species, or an individual within a species. However, genome assemblies 

do not spring fully formed from DNA sequencing machines. Sequencing produces small fragments of 

DNA, and these fragments must be combined into a prediction of an organism’s genome by a process 

called de novo assembly. The advent of “next-generation” DNA sequencing technologies over the past 

decade has vastly increased our capacity to sequence new genomes, but it has exacerbated the difficulty 

of de novo assembly, turning it into one of the foremost challenges in computational biology today. 

Especially problematic is the short length of many next-generation reads, which deprives genome 

assemblies of crucial information about sequence contiguity. Here I describe new methods for creating 

high-contiguity genome assemblies from short next-generation reads. I demonstrate that novel proper 

library preparation can create short reads that retain long-range contiguity information, and I develop 

novel algorithms to exploit this information for de novo genome assembly. First, I use fosmid clone pools 

and copy number analysis to perform haplotype resolution on the genome of the famous HeLa cancer cell 

line. Secondly, introduce the concept of using Hi-C for de novo genome assembly. I demonstrate that Hi-

C produces signals of genomic contiguity that can be used for chromosome-scale scaffolding of de novo 

genome assemblies. Lastly, I show that Hi-C can also be used for metagenomic deconvolution. These 

approaches allow us to make productive use of the continual advances in next-generation sequencing 

and will improve standards for genome assemblies.  
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CHAPTER 1: INTRODUCTION 

1.1 Opening remarks 
  

This is a very exciting time for the biological sciences. In the 1950’s it became clear that the nucleic acids, 

DNA and RNA, are the source of all genetic information. The 1970’s and 1980’s witnessed new 

technologies to sequence these nucleic acids, allowing us to examine this fundamentally digital 

information for the first time. These sequencing technologies became more and more powerful in the 

1990’s, as they culminated in the Human Genome Project, the largest biological project in history. The 

Human Genome Project was a smashing success, and on its heels came new sequencing instruments 

that provided orders of magnitude more genomic information than ever before. These technologies have 

made possible an entire new field of research. 

Genomics – a word coined in 1986 – is the name of this new field. Genomics is the paradigmatic 21st-

century science: a marriage of classical genetics and sequencing technology, with assistance from 

computer science and Big Data. And we are in the midst of a genomic revolution. Sequencing is so 

powerful and versatile that it has rapidly become an indispensable tool for anyone engaged in any line of 

biological inquiry. Not only geneticists but also cell biologists, biochemists, ecologists, evolutionary 

biologists, bioengineers, and most types of physicians are all coming to rely on sequencing technology for 

their assays. 

Sequencing technology, as powerful as it may be, does nothing biological by itself. The output of a 

sequencing instrument is not a genome, but merely a long stream of words written in a four-letter 

alphabet. To a biologist, it is gibberish. The real power of genomics lies in converting this sequencing 

data into real information about an organism’s genome, at which point it can be used to draw further 

biological inferences. This task, one of the preeminent challenges in genomics today, is called genome 

assembly, and it is a fundamentally computational process. Genome assembly is the subject of my 

dissertation. 
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1.2 Organization of this dissertation 
 

In this dissertation I describe several methods that I have developed for the assembly of genomes at 

various scales. In Chapter 2 I give an overview of the history of genome sequencing and assembly 

methods, as they have gradually developed over the second half of the 20th century and the first decade 

of the 21st, ending up at the current status quo in the field. I then discuss my specific aims for how I plan 

to push the status quo forward with the work in my dissertation. In the next three chapters I detail three 

different computational problems that fall broadly into the category of genome assembly, and I present my 

solutions to these problems, all of which I have previously published in peer-reviewed journals. In 

Chapter 3 I describe the problem of scaffolding, a late step in the genome assembly process. I 

demonstrate a solution to this problem that utilizes Hi-C, a library preparation technique that was 

originally developed to study chromatin conformation but which I have repurposed for the task of genome 

assembly. In Chapter 4 I extend the principles of Chapter 3 by applying Hi-C to solve another subtype of 

genome assembly problem, that of metagenomic deconvolution. In Chapter 5 I describe haplotype 

phasing, a type of genome assembly problem, in the context of cancer genomes. I develop a novel 

algorithm and use it to phase the haplotypes in the genome of HeLa, a famous cancer cell line. In 

Chapter 6 I attempt to place my work in the broader context of the rapidly moving field of genome 

sequencing and assembly, and I assess where the field is likely to be headed in the near future and what 

challenges still await it. Lastly, you may already have noticed that I have placed many genomic terms of 

art in bold italic lettering. In the hope of making my writing more accessible, I have defined all of these 

terms in a glossary at the end of this dissertation. 
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CHAPTER 2: THE HISTORY OF GENOME 
SEQUENCING AND ASSEMBLY 

 

Note that terms written in bold italic have definitions available in the Glossary.  

 

2.1 What is a genome? 
 

The word genome was coined in 1920 by Hans Winkler, a German botanist, to describe the set of all 

genetic material in a cell1. Winkler’s coinage was a portmanteau of gene and chromosome, reflecting his 

understanding that both genes and chromosomes were involved in heredity. In 1920, however, neither 

genes nor chromosomes had a well-established molecular basis. 

Many years passed before the molecular basis of genes was understood. In 1944 the Avery-McLeod-

McCarty experiment2 demonstrated, and in 1952 the Hershey-Chase experiments3 confirmed, that DNA is 

the carrier of genetic material. In 1953 James Watson and Francis Crick proposed a structure for the DNA 

molecule, a double helix joined by hydrogen bonds between the four nucleotides, or bases: adenine, 

cytosine, guanine, and thymine (A,C,G,T)4. The following year, George Gamow was the first to speculate 

that the sequence of A’s, C’s, G’s, and T’s on a strand of DNA might encode information in the form of “a 

long number written in [base 4]”5. It soon became clear that this sequence does indeed encode 

information – and therefore that genetic information, unlike most types of biological information, is 

fundamentally digital rather than analog. Fortuitously, this discovery came at a time when powerful 

computing technologies, capable of handling huge quantities of digital information, were just beginning to 

appear6. Genetics and computer science have been intertwined ever since. The genome is a biological 

entity, but it is also a computational entity. 
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2.2 The first genomes are sequenced 
 

Having deduced that a genome is essentially “a long number”, the next question scientists naturally 

sought to ask was, “What number is it?”  In other words, how could the information-encoding sequence of 

bases in a nucleic acid molecule be assayed? This question could not be answered until decades later, 

when new methods for sequencing were explored. Walter Fiers developed RNA sequencing techniques 

and applied them to the RNA genome of the bacteriophage MS2, publishing the first-ever whole 

sequences of a gene (387 bases) in 19727 and of an entire genome (3,569 bases) in 19768. Meanwhile, 

two different DNA sequencing techniques were developed independently by Frederick Sanger9 and by 

Walter Gilbert and Allan Maxam.10  In 1977 Sanger produced the first full sequence of a double-stranded 

DNA genome, that of bacteriophage ΦX174 (5,375 base pairs, or bp)11; five years later he sequenced 

the much larger genome of phage λ (48,502 bp)12. Sanger’s chain-termination method was adopted much 

more widely than the Maxam-Gilbert method due to its simplicity and its avoidance of hazardous 

reagents. So-called Sanger sequencing also proved to be very amenable to scaling up, and would 

become the dominant DNA sequencing technology for the next 30 years13. 

According to the central dogma of molecular biology14, all of the RNA and protein molecules in a cell 

ultimately derive from information encoded in DNA. Thus, sequencing the genome of an organism is 

tantamount to creating a comprehensive catalog of the genetic and proteomic capacity of that organism, 

an incomparably valuable resource for further genetic and biological study. Sequencing the genomes of 

bacteriophages in the 1970’s was an impressive technological accomplishment, but it was clearly only the 

beginning. Every organism has a genome, and in theory any genome could be sequenced. As Sanger 

sequencing became more parallelizable and automated, it became more cost-effective, and the idea of 

sequencing a complete cellular genome became a tantalizing prospect. 

In the 1980’s, genome sequencing projects were launched for several species. These projects took many 

years to bear fruit, but they helped to accelerate the pace of improvements in sequencing technology. 

The first genome to be completed was of the bacterium Haemophilus influenzae in 1995 (1.8 megabase 

pairs (Mbp))15, followed within a year by the yeast model organism Saccharomyces cerevisiae (12.1 



15 
   

Mbp)16 and the archaeon Methanococcus jannaschii (1.7 Mbp)17. All three domains of life were now 

ascertainable at the genomic level. 

The ultimate promise of genome sequencing technology was to allow us to sequence the genome of any 

organism – even ourselves. The concept of a collaborative “human genome project” was first seriously 

discussed at a conference in 198518. In 1986 it received approval from the United States Congress for 

public funding19. (It was that same year, at one of the early meetings to discuss the project, that Tom 

Roderick coined the word “genomics” to describe this emerging field20.)  The idea of sequencing a human 

genome seemed far-fetched at the time; after all, the haploid genome of a human (3 gigabase pairs 

(Gbp)) is six orders of magnitude larger than that of a small bacteriophage. But the potential benefit to 

science was incalculable and undeniable. James Watson said of the project: “It’s essentially immoral not 

to get it done as fast as possible”21. The Human Genome Project launched in 1990 as a gargantuan 

multinational collaboration22. It was soon rivaled by a parallel, privately funded project headed by Craig 

Venter, whose goal was to release a human genome sequence as soon as possible23. Spurred by their 

competition, the two projects raced ahead of schedule and produced draft genomes nearly 

simultaneously in 200124,25. 

The Human Genome Project is the largest and most costly biological project ever undertaken, but it has 

paid for itself many times over in pure economic terms26, has been emulated as a model by all 

subsequent large-scale biological projects, and is regarded as a crowning scientific achievement of 

humanity27. In 2014 it is difficult to imagine how human biology or medicine could progress without the 

human genome sequence28. 

 

2.3 The genome assembly process 
 

The term genome sequencing is confusingly imprecise: merely sequencing DNA molecules is not 

sufficient to produce a genome sequence! No established sequencing technique can be applied directly 

to entire chromosomes, due to the proteins bound to DNA and the inherent imprecision of sequencing 
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chemistry. Instead, DNA sequencing produces reads: short contiguous stretches of nucleotide sequence 

that contain no information regarding their position in the genome. (One method that may someday be 

used to sequence long molecules of DNA at once is nanopore sequencing29, but this technology has 

persistently failed to live up to expectations.)  Sanger sequencing produces reads which are rarely more 

than a kilobase (Kb) in length; yet the human chromosome 2 contains 237 Mbp of euchromatic 

sequence30. How can the former possibly be converted into the latter? 

The task of transforming a large number of DNA sequence reads from an organism into a prediction of 

that organism’s genome is called genome assembly. When this is done without any prior knowledge of 

sequences in the genome, it is called de novo assembly, from the Latin de novo, meaning "from the 

beginning.”  (These terms refer to the process as well as to its end product.)  Genome assembly is 

analogous to solving a one-dimensional jigsaw puzzle, in which the puzzle pieces may overlap and may 

be numerous enough to cover the puzzle many times over, but are much smaller than the entire puzzle. If 

there is no picture indicating what the puzzle should look like when complete, it is a de novo assembly. 

Sanger and his collaborators performed the first de novo assemblies manually and hierarchically, by first 

assembling gene transcripts and then using read overlaps to merge the transcripts11,12. This approach 

was impractical with larger genomes, but fortunately, contemporary computing technology enabled the 

development of computer programs to handle the de novo assembly process. The first de novo assembly 

software was created by Roger Staden, who in 1979 published a semi-automated FORTRAN program31 

that performed the following three steps: (1) find read-read overlaps; (2) use these overlaps to determine 

the reads’ relative positions; (3) resolve sequence discrepancies within the overlap to merge the reads 

into a single contiguous sequence, which Staden later termed a contig32. As an aid in the consensus 

process, Staden also devised a quality system to denote the confidence of base calls in a sequence 

read31, a system which was later codified in the concept of numerical quality scores33. Software tools for 

de novo assembly soon proliferated, mostly following Staden’s “overlap-layout-consensus” approach34. 

These tools relied on the principle of high coverage: many copies of the same genome molecule were 

subjected to the sequencing chemistry to produce enough reads to cover the genome many times over, 

ensuring that overlaps could be found. 
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2.4 Draft genome assemblies and the challenge of contiguity 
 

The per-base cost of Sanger sequencing fell 100-fold during the 1990’s24. This dramatic drop was a 

consequence of great efforts to refine and automate Sanger sequencing and was a boon to the many 

large-scale genome projects ongoing at the time. However, it became apparent that simply creating more 

sequence reads was not sufficient to assemble a genome. Genomes are not random strings of bases: 

they contain certain repeated sequences, or repeats, as a result of evolutionary history. Repeat elements 

can take many forms, including but not limited to: microsatellites (also called short tandem repeats or 

simple sequence repeats), short sequences (≤6 bp) repeated many times, often in heterochromatic 

regions35; mobile genetic elements, sequences that move and replicate themselves within a genome36; 

and segmental duplications, large blocks (≥1 Kb) of sequence duplicated with high identity (>90%)37. 

Larger genomes tend to contain more repeats; at least 50% of the human genome consists of 

repeats24,38. Repeats pose a serious problem for genome assembly because reads derived from different 

copies of a repeat will appear to overlap despite not being genomically contiguous. 

The first step in a genome project is the creation and sequencing of a sequence library containing 

fragments of genomic DNA. The cheapest and most direct type of library is a shotgun sequencing 

library, which contains complete genomic DNA and thus represents the entire genome39. Shotgun 

libraries alone are sufficient to create a draft assembly: a set of contigs which contains most of a 

genome’s non-repetitive sequence content but is understood not to be a complete representation of the 

genome. A draft assembly created from shotgun sequencing typically lacks contiguity, or long-range 

information regarding the relative position of sequences, due to repeats. Contiguity is destroyed by the 

fragmentation of the genome into sequence reads and must be reestablished to create a high-quality 

genome assembly. Any repeat that is longer than a read length and has near-perfect sequence identity 

will break the assembly’s contiguity, because the non-repetitive genomic regions on either side of the 

different occurrences of the repeat cannot be conclusively linked to one another. Thus the assembly will 

be fragmented into small contigs38. In addition, highly identical copies of a repeat are often collapsed into 
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a single contig instead of appearing with the proper copy number40. More methods are needed to bridge 

repeats and establish genomic contiguity. 

The Human Genome Project pioneered many methods of providing contiguity information, both “bottom-

up” and “top-down”. “Bottom-up” methods took a set of contigs produced by shotgun sequencing and 

assembly as input and determined which contigs were close to other contig. One such method was mate-

pair sequencing (or paired-read sequencing), in which long templates of DNA are sequenced at both 

ends to produce a read pair, such that the genomic distance between the two reads is equal to the length 

of the DNA template minus the reads’ lengths41. Paired reads can be aligned onto contigs and used to 

convert the contigs into scaffolds, which consist of many contigs in a defined order and orientation, 

separated by gaps whose sizes can be approximately calculated based on the length of the template 

library42. Most mate-pair libraries have template lengths on the order of 3 kb or less, allowing contiguity to 

that degree, but fosmid libraries have template lengths as much as 40 kb or greater43. Thus, problematic 

repeats can be left in gaps and the assembly’s contiguity can be built around them. “Top-down” methods 

used by the Human Genome Project include so-called hierarchical shotgun sequencing, in which genomic 

DNA was cloned into bacterial artificial chromosomes (BACs)44; the genomic regions were assembled 

separately and then fitted into pre-existing physical and genetic maps of the human genome45,46. BAC 

and fosmid sequencing were effective methods, but they were expensive and laborious, and they did not 

become cheaper as sequencing costs fell. Craig Venter’s team chose to avoid using BACs and instead 

used mate-pair sequencing to assemble microbial genomes15,17; they subsequently decided to apply this 

approach to the human genome as well in lieu of a “top-down” approach, provoking a lively debate with 

the public Human Genome Project47,48. 

The process of completing a draft genome assembly as thoroughly as possible is called finishing. It is 

expensive and time-consuming and is rarely performed to completion. The human genome was not 

declared “finished” until 200449, and finishing the most difficult-to-assemble regions of the human genome 

is still an ongoing process50,51. 
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2.5 The next-generation sequencing revolution 
 

By the end of the Human Genome Project, it was clear that the increased cost-effectiveness of Sanger 

sequencing had been crucial to the success of the project. It was also clear that continuing improvements 

in sequencing technology could make possible a great variety of other biological projects52,53. Sanger 

sequencing itself would not deliver these improvements: its throughput had been fully optimized and 

further increases were only incremental. However, the clear financial and scientific benefits of ever-

cheaper DNA sequencing inspired a flood of technical innovation. A large number of new technologies 

soon appeared, each vying to replace Sanger sequencing and become the new standard. These 

technologies are collectively referred to by the term next-generation sequencing, or NGS54. 

 

Figure 2.1: A timeline of advancements in NGS (next-generation sequencing) technology. 

2005 
454 pyrosequencer is 
first commecialized 
NGS technology55 

 
 
 
 

2005 
Polony-based ligation 
sequencing56; never 

commercialized 

2006 
Solexa Genome 

Analyzer57 
 
 
 
 
 

2007 
Applied Biosystems 
SOLiD sequencer

2008 
Complete Genomics 

DNA nanoarray-
based sequencing58 

 
 
 
 

2008 
Helicos HeliScope 

single-molecule 
fluorescent 
sequencing

2008 
Illumina purchases 
Solexa, produces 

Genome Analyzer II 
 
 
 
 

2009 
Pacific Biosciences 

SMRT (Single-
Molecule Real-Time) 

sequencer59

2010 
Illumina produces 

HiSeq, MiSeq 
 
 
 
 
 

2011 
Ion Torrent 

semiconductor 
sequencing60

2014 
Illumina produces 
NextSeq, HiSeq X 

 
 
 
 
 

2014 
Oxford Nanopore 

MinION sequencer

 

The NGS technologies are too numerous to describe in technical detail; see Figure 2.1 for a timeline. 

These technologies have been developed by private companies that build and sell branded sequencing 

instruments and reagent kits. Each type of instrument produces reads with different lengths, error profiles, 

and limitations at a different price point, and is thus suitable for different biological purposes61. The most 

successful NGS company in recent years has been Illumina, whose sequencing-by-synthesis technology 

has achieved truly staggering levels of throughput. Illumina’s HiSeq X Ten machine, released in 2014, 

fulfills a long-standing goal of sequencing an entire human genome at 30X coverage (~100 billion bp) for 

less than $1000, albeit only in bulk62; this represents a 10,000-fold reduction in cost over seven years. 
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Illumina’s sequencers have revolutionized genomics and made possible a great number of new biological 

inquiries54,63, but they have precipitated new challenges in the area of genome assembly. Like many NGS 

technologies, Illumina’s instruments produce short reads, typically ≤100 bp. Short reads are sufficient for 

many sequencing applications, but they create two severe problems for assembly tools. First of all, they 

make the traditional overlap-layout-consensus assembly approach computationally impossible: when 

shotgun sequencing a genome with short reads, the reads must be incredibly numerous, but the 

computational power required to detect all read-read overlaps between N reads is on the order of N2. 

Hence the advent of NGS technologies spurred the development of novel de novo assembly algorithms64. 

Most were based on a mathematical construct called the de Bruijn graph, which converts reads into 

strings of so-called k-mers. The use of de Bruijn graphs in assembly predates NGS34 but it has proven to 

be enormously useful in designing assembly algorithms adapted to short reads65. One such algorithm, 

called ALLPATHS, was developed in part by me and was used to create the first de novo assemblies of 

mammalian-scale genomes solely from short reads66,67. 

An even greater problem with short reads is that assemblies based solely on them lack contiguity. No 

assembly algorithm could possibly use them to resolve the repeats present in large genomes. Indeed, 

short-read draft assemblies are observed to lack vast amounts of repeat sequence due to the collapsing 

of repeats68. Thus, although the NGS revolution has enabled a massive increase in the quantity of 

published genome assemblies, it has also led to a decline in their quality. 

 

2.6 Beyond assembly: alignment, variant detection, and haplotype 
phasing 
 

The Human Genome Project created a reference genome for Homo sapiens. A species’ reference 

genome is an assembly that is understood to be fairly representative of that species. However, nobody’s 

genome is identical to the human reference genome, and in fact no two individuals have the exact same 

genome sequence (not even identical twins69!)  Finding and interpreting inter-individual genetic variation 

is a central task in the field of population genetics70, as well as in fields of genomic medicine such as 
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pharmacogenomics71. Germline mutations give children genetic material that was not present in their 

parents, and may enter a population’s gene pool, at which point they are called variants. Furthermore, 

our cells acquire somatic mutations as they divide. Certain somatic mutations may encourage a cell to 

divide uncontrollably, leading to cancer, which is fundamentally a disease of the genome72. 

Hence, continued advancement in genomics and medicine requires investigations into the genomic 

differences between individuals and between cells. These investigations are made possible by our 

knowledge of reference genomes, and they are made economically feasible by the advent of NGS 

technologies. In a typical variant-detecting workflow, an individual is sampled, DNA is sequenced, and the 

reads are aligned to the reference genome. Sequence alignment methods allow for the possibility of 

mismatches between the read and the reference, and mismatches that appear consistently in the reads in 

a sample are called as variants73. 

The smallest types of variants are single-nucleotide variants (SNV) (a single base change, e.g., A→C) 

and small indels (insertions or deletions of a small number of bases). SNVs and small indels are easily 

detected by NGS reads in the form of alignment mismatches, and there now exist many well-established 

algorithms to perform this detection74,75. However, variants also occur in larger forms. Structural variants 

(SVs) are a large class of variants encompassing copy number variants, insertions of large sequences 

such as transposons, inversions, translocations, and chromosomal abnormalities. SVs affect far more 

bases in the human genome than do SNVs76, and they are critically important in the etiology of a variety 

of heritable disorders as well as cancer77. However, SVs are difficult to discover with short reads because 

they are not easily localized. Methods exist to find every type of SV using short reads, but they often 

require deep sequencing and/or additional assays78. 

An additional challenge in genomic analysis is that most large organisms, including humans, are diploid: 

they possess two copies of each chromosome. Each chromosome is a distinct molecule with its own 

haplotype – that is, its own set of variants that differentiates it from the reference genome. Variants may 

be homozygous (appearing on both of an individual’s chromosomes) or heterozygous (appearing on 

only one). Even if every variant on both chromosomes is detected, additional information is required to 

determine which heterozygous variants belong on which haplotype. This information is called phase, and 
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the act of deriving it is referred to as phasing of variants or haplotypes (also “resolution” of haplotypes, or 

simply haplotyping.)  The phase of variants has important functional consequences, such as in cases of 

apparent compound heterozygosity, and phased haplotypes contain crucial information about population 

structure79,80. Short reads are insufficient to perform haplotype phasing; some additional source of 

contiguity information is necessary. In humans, this source may be a priori known population structure 

(statistical phasing or imputation)81, but the haplotypes are more robust if derived directly from contiguity-

preserving library construction methods (molecular phasing)82. 

 

2.7 Metagenome assemblies 
 

Another challenge in 21st-century genomics is presented by microbial communities. Every ecosystem 

on the planet, including our own bodies, contains communities of microbial species. However, most 

microbial species cannot be cultured individually and thus cannot be easily isolated for individual analysis 

by genome sequencing83. DNA can be isolated from a microbial community and sequenced, but all of the 

organisms’ genomes are convoluted together in the sequence library, creating what is called a 

metagenome84. A common approach in studying a metagenome is to subject it to shotgun sequencing 

and then assemble it, creating a de novo metagenome assembly85. This is no easy task: if assembling 

one genome sequence is like solving a jigsaw puzzle, then assembling a metagenome is like taking 

puzzle pieces mixed together from many different jigsaw puzzles and then solving them all. Sequences 

that appear in multiple species will be indistinguishable, much like repeats; additionally, because the 

different species live at different abundances in the community, some genomes will have much greater 

coverage than others. New metagenome assembly software has recently been developed to address 

these challenges86,87, but metagenome assemblies still tend to lack long-range contiguity, especially when 

short-read sequencing is used. 

A metagenome assembly is convoluted: that is, it consists only of a set of contigs, with no a priori 

information about what species they belong to. It contains many genome assemblies, but they cannot be 
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separated from one another. This may prevent the discovery of novel or unculturable species that play 

important roles in their ecosystems85. Thus, metagenomic deconvolution – the reconstruction of 

individual species’ genomes from metagenomes – is a pressing need, and has been called “the holy grail” 

of metagenomics88. Many computational methods are used to deconvolute metagenome assemblies, 

including analysis of base composition89 and gene content90, differential coverage binning91, and 

comparisons to existing reference genomes92. However, many of these methods are powerless to identify 

species for which reference genomes do not already exist, and even the best of them only allow for 

modest improvements in metagenome contiguity. A method that could provide complete intra-species 

contiguity would assemble each species individually, effectively deconvoluting the metagenome. 

 

2.8 My research aims 
 

To provide much-needed contiguity in genome and metagenome assemblies, researchers have broadly 

taken one of three approaches. The first is to use next-generation long-read sequencing technologies 

such as Pacific Biosciences, either alone93 or in conjunction with short reads94. The second is to isolate 

and sequence individual cells95,96. Both of these approaches are promising but not yet fully developed; 

moreover, both of them require great sequencing expenses. The third approach is to develop new types 

of short-read sequencing libraries that provide long-range contiguity information. In this dissertation I 

describe novel computational methods that I have developed to exploit contiguity information in 

new sequencing libraries and create high-quality de novo genome assemblies from short reads. 

My first aim in this dissertation, as described in Chapter 3 and in Burton et al.97, is to design a new 

method of de novo genome scaffolding that exploits the low cost of short-read sequencing to create 

chromosome-scale scaffolds in a cost-effective fashion. My key insight is to repurpose Hi-C98, a library 

construction method that was originally developed in 2009 to study the 3-D structure of genomes. It has 

been established that Hi-C gives a signal of long-range interactions that allow the creation of a 3-D model 

for a known genome. I show that Hi-C also provides a signal of short-range interactions that can piece 
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together a genome that is not yet fully assembled. I develop and release Lachesis, a software tool that 

applies this principle. I demonstrate the effectiveness of Lachesis by creating low-contiguity de novo 

assemblies of the human, mouse, and fly (Drosophila) genomes, then showing that Hi-C can scaffold 

these assemblies with over 99% accuracy. These assemblies, produced only from publicly available 

datasets, are the first ever chromosome-scale genome assemblies produced solely from short-read 

sequencing technologies. 

My second aim is described in detail in Chapter 4 and in Burton, Liachko et al.99. Building off of my 

previous aim, I show that the Hi-C method provides yet another useful signal: intracellular linkage. When 

applied to a mixed cell population, Hi-C can distinguish which sequences belong together within a single 

cell, and thus within a single species – enabling metagenomic deconvolution. I develop MetaPhase, a 

software tool that uses a Hi-C library for this purpose. Using MetaPhase, I demonstrate that a single Hi-C 

library can deconvolute metagenomic mixtures of as many as 18 species, including representatives of all 

three domains of life (Bacteria, Archaea, and Eukarya), reconstructing the genomes of individual species 

with over 99% accuracy. I also show that a genome assembly created with MetaPhase can be further 

scaffolded using Lachesis, thus creating high-quality de novo genome assemblies from nothing but short-

read metagenomic sequencing libraries. MetaPhase may make it possible to discover large numbers of 

novel and unculturable microbial species directly, by assembling their genomes. 

My third and final aim, as described in greater detail in Chapter 5 and in Adey, Burton, Kitzman et al.100, 

is to develop methods to phase haplotypes and resolve their copy numbers in a complex cell line. I 

demonstrate my methods on HeLa, a cancer cell line of singular historical significance101,102. My approach 

builds on the fosmid clone pool sequencing strategy of my colleague Jacob Kitzman82 to achieve 

molecular phasing in long haplotype blocks. I adapt the ReFHap method of Duitama et al.103 to create 

haplotype blocks with an N50 of 550 Kb. I then determine the so-called “haplotype-resolved copy number” 

of each haplotype in the HeLa genome, and I exploit the unevenness of this copy number to combine the 

haplotype blocks into haplotype scaffolds with an N50 of 44.8 Mb, many of which encompass entire 

chromosome arms. These haplotype scaffolds enable the phasing of the HeLa epigenome and the 

investigation of the oncogenic events in its history.  
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CHAPTER 3: CHROMOSOME-SCALE SCAFFOLDING 
OF DE NOVO GENOME ASSEMBLIES USING HI-C 

 

 

This chapter is based on the following peer-reviewed publication97: 

Joshua N. Burton, Andrew Adey, Rupali P. Patwardhan, Ruolan Qiu, Jacob O. Kitzman and Jay 

Shendure. Chromosome-scale scaffolding of de novo genome assemblies based on chromatin 

interactions. Nature Biotechnology 31, 1119-1125 (2013). 

 

Jacob Kitzman, Jay Shendure, and I conceived the idea of using Hi-C for de novo genome scaffolding. I 

designed the LACHESIS method (Figure 3.1) and wrote the LACHESIS software. Rupali Patwardhan 

and I performed the de novo assemblies. I applied LACHESIS to the human, mouse, and fruit fly 

genomes (Figures 3.2, 3.3 and Table 3.1) as well as to the simulated genome assemblies (Table 3.2). 

Ruolan Qiu conducted the HeLa Hi-C experiments, and Andrew Adey analyzed the HeLa Hi-C data and 

called chromosomal rearrangements (Figure 3.4). Andrew Adey, Jay Shendure, and I prepared the 

manuscript, with input from all authors. Jay Shendure supervised the study. The Lachesis software was 

written in C++ and Perl and is available online at https://github.com/shendurelab/LACHESIS. 
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3.1 Summary 
 

Genomes assembled de novo from short reads are highly fragmented relative to the finished 

chromosomes of Homo sapiens and key model organisms generated by the Human Genome Project. To 

address this problem, we need scalable, cost-effective methods to obtain assemblies with chromosome-

scale contiguity. Here we show that genome-wide chromatin interaction data sets, such as those 

generated by Hi-C, are a rich source of long-range information for assigning, ordering and orienting 

genomic sequences to chromosomes, including across centromeres. To exploit this finding, we 

developed an algorithm that uses Hi-C data for ultra-long-range scaffolding of de novo genome 

assemblies. We demonstrate the approach by combining shotgun fragment and short jump mate-pair 

sequences with Hi-C data to generate chromosome-scale de novo assemblies of the human, mouse and 

Drosophila genomes, achieving—for the human genome—98% accuracy in assigning scaffolds to 

chromosome groups and 99% accuracy in ordering and orienting scaffolds within chromosome groups. 

Hi-C data can also be used to validate chromosomal translocations in cancer genomes. 

 

3.2 Introduction 
 

The Human Genome Project defined and achieved high standards for the de novo assembly of reference 

genomes for H. sapiens and key model organisms. For example, the public draft human genome, 

reported in 2001, contained 90% of the euchromatic sequence with an N50 (defined as the length L at 

which 50% of sequence is in contigs of length ≥L) of 82 kilobases (Kb)24,49. The finished human genome, 

reported in 2004, contained 99% of the euchromatic sequence with an N50 of 38.5 megabases (Mb) and 

an error rate of 1 event per 100,000 bases49. At both stages, nearly all sequences were assigned, 

ordered and oriented to chromosomes, although many errors were corrected during finishing49. 

Massively parallel DNA sequencing technologies produce billions of short reads per instrument run at a 

very low cost per sequenced base, empowering a wide range of experiments54,63. However, although 
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extensive progress has been made in developing algorithms for de novo genome assembly from short 

reads65, we remain remarkably distant from routinely assembling genomes to the standards set by the 

Human Genome Project. For example, the human genome was assembled with <40 gigabases (Gb) of 

Sanger sequencing, but de novo assemblies of short reads relying on five- to tenfold more sequence are 

highly fragmented relative to the finished chromosomes of the H. sapiens reference build67,104. 

It is important to recognize that the high quality of the Human Genome Project’s genome assemblies is 

not solely attributable to the length and accuracy of Sanger sequencing reads. Rather, a diversity of 

approaches was brought to bear to achieve long-range contiguity. For the human genome, this included 

dense genetic maps, dense physical maps and hierarchical shotgun sequencing of a tiling path of long 

insert clones24,49. Whole-genome shotgun assemblies—typically based on end sequencing of both short 

and long insert clones—also relied on dense genetic and physical maps to assign, order and orient 

sequence contigs or scaffolds to chromosomes105. 

Diverse strategies have been developed to boost the contiguity of de novo genome assemblies from short 

reads. These include end sequencing of fosmid clones67, fosmid clone dilution pool sequencing82,106, 

optical mapping107-110 and genetic mapping with restriction site–associated DNA tags111. However, each of 

these strategies has important limitations. Fosmid libraries and optical mapping are technically 

challenging and provide only mid-range contiguity. Genetic maps are more powerful but are costly or 

impractical to generate for many species. Particularly as initiatives such as the 10K Genome Project112 

gain momentum, the genomics field is in need of scalable, broadly accessible methods enabling 

chromosome-scale de novo genome assembly. 

Hi-C and related protocols use proximity ligation and massively parallel sequencing to probe the three-

dimensional architecture of chromosomes within the nucleus, with interacting regions captured to paired-

end reads98, 113. In the resulting data sets, the probability of intrachromosomal contacts is on average 

much higher than that of interchromosomal contacts, as expected if chromosomes occupy distinct 

territories. Moreover, although the probability of interaction decays rapidly with linear distance, even loci 

separated by >200 Mb on the same chromosome are more likely to interact than loci on different 

chromosomes98. 
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We speculated that genome-wide chromatin interaction data sets, such as those generated by Hi-C, 

might provide long-range information about the grouping and linear organization of sequences along 

entire chromosomes. In exploring this, we developed LACHESIS (ligating adjacent chromatin enables 

scaffolding in situ), a computational method that exploits the signal of genomic proximity in Hi-C data sets 

for ultra-long-range scaffolding of de novo genome assemblies. LACHESIS works in three steps (Figure 

3.1)—first, clustering contigs or scaffolds to chromosome groups; second, ordering contigs or scaffolds 

within each chromosome group; and finally, assigning relative orientations to individual contigs or 

scaffolds. We demonstrate the effectiveness of this approach by combining shotgun fragment and short 

insert mate-pair (<3 Kb) sequences with Hi-C data to generate reasonably accurate chromosome-scale 

de novo assemblies of the H. sapiens, Mus musculus and Drosophila melanogaster genomes. We also 

show that Hi-C data can be used to validate chromosomal rearrangements in cancer genomes. 

 

3.3 Results 
 

3.3.1 Exploiting contact probability maps for de novo genome assembly 
 

The input to LACHESIS consists of a set of contigs or scaffolds (the term ‘contig’ is used in this 

description of the method to indicate both possibilities), such as are generated by de Bruijn graph–based 

de novo assemblers65,67, and a genome-wide chromatin interaction data set, such as is generated by Hi-C 

and related protocols98,113. The Hi-C reads are aligned to the contigs, and the number of Hi-C read-pairs 

linking each pair of contigs is tabulated (Figure 3.1a). In a first step, LACHESIS uses hierarchical 

agglomerative clustering to group contigs that are likely to derive from the same chromosome, exploiting 

the fact that intrachromosomal contacts are on average more probable than interchromosomal contacts in 

Hi-C data sets98 (Figure 3.1b and Figure A.3.1). An average-linkage metric114 is used for this clustering, 

with linkage defined as the normalized density of Hi-C read-pairs linking any given pair of contigs. The 

final number of groups is prespecified, ideally set to the expected number of chromosomes. 
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Figure 3.1: The LACHESIS scaffolding method. (a) The input consists of a set of contigs (or scaffolds) 
from a draft assembly and a set of genome-wide chromatin interaction data, for example, Hi-C links. (b) 
Contigs on the same chromosome tend to have more Hi-C links between them, relative to contigs on 
different chromosomes. LACHESIS exploits this to cluster the contigs into groups that largely correspond 
to individual chromosomes. (c) Within a chromosome, contigs in close proximity tend to have more links 
than contigs that are distant. LACHESIS exploits this to order the contigs within each chromosome group. 
(d) Lastly, LACHESIS uses the exact position of links between adjacent contigs to predict the relative 
orientation of each contig. 
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In a second step, LACHESIS orders contigs linearly within each chromosome group by taking advantage 

of the higher Hi-C link densities expected between closely located contigs (Figure 3.1c and Figure A.3.2). 

For each chromosome group, a graph is built with vertices representing contigs and edge weights 

corresponding to the inverse of the normalized Hi-C linkage density between pairs of contigs. A minimum 

spanning tree is found in this graph, and the longest path in the tree is extracted as the ‘trunk’, an 

incomplete but high-confidence ordering of contigs within each chromosome group. To generate a full 

ordering, contigs excluded from the trunk are reinserted into it at sites that maximize the amount of 

linkage between adjacent contigs. 

In a third step, the ordered contigs are oriented with respect to one another by taking into account 

precisely where the Hi-C reads map on each contig (Figure 3.1d and Figure A.3.3). For each 

chromosome group, a weighted, directed, acyclic graph is built representing all possible ways to orient 

the contigs, given the predicted order. The weights are calculated as the log-likelihood of the observed Hi-

C links between adjacent contigs in a given combined orientation, assuming98 that the probability of a link 

connecting two reads at a genomic distance of x decays as 1/x for x ≥ ~100 Kb. The maximum likelihood 

path through this graph yields a predicted orientation for each contig. 

 

3.3.2 Chromosome-scale assembly of mammalian genomes 
 

We sought to evaluate the effectiveness of this approach for the chromosome-scale de novo assembly of 

mammalian genomes. We focused on human and mouse as test cases because of the availability of the 

necessary data sets and the high quality of these reference genomes as gold standards for comparison. 

For human, we used ALLPATHS-LG to assemble previously generated67 shotgun fragment and short 

jump (~2.5 Kb) mate-pair sequences to an N50 scaffold length of 437 Kb and a total length of 2.74 Gb. 

We refer to this below as the ‘shotgun assembly’. We intentionally excluded fosmid end sequencing 

data67 because libraries of this type require cloning and are laborious to generate. Furthermore, we hoped 

that the chromatin interaction data would effectively substitute for the ~40 Kb fosmid links while also 

providing even longer-range contiguity. 
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(Previous page) Figure 3.3: LACHESIS ordering of scaffolds in a de novo human assembly. (a–v) 
The results of LACHESIS ordering and orienting on 22 of the 23 chromosome groups in the de novo 
human assembly. For each ordering, only the scaffolds on the dominant chromosome (the chromosome 
containing the plurality of aligned sequence) are shown. The exceptions are two groups that correspond 
to fusions of small chromosomes (19 and 22 (s); 20 and 21 (t)) (Table A.2.2). Within each of these fused 
groups, the two chromosomes were well separated by ordering (s,t). The X chromosome clustered into 
two separate groups (u,v). Not shown: one very small chimeric group (length, 6.5 Mb; Figure A.3.4w). 
Also listed in each panel are the identity of the dominant chromosome, the number of scaffolds in the 
derived ordering and the reference length of the dominant chromosome. 

 

 

Table 3.1: Metrics for LACHESIS-based scaffolding of shotgun assemblies. The human and mouse 
shotgun assemblies are based on read-pairs from short-insert and ~2.5 Kb jumping libraries, whereas the 
Drosophila shotgun assembly is based solely on read-pairs from short-insert libraries67. The human and 
mouse shotgun assemblies consist of scaffolds, whereas the Drosophila shotgun assembly consists of 
contigs. LACHESIS places scaffolds or contigs into groups and then orders and orients them within each 
group. An ordering error means that a contig or scaffold’s position is out of the expected order with 
respect to its neighbors. An orientation error means that its orientation is not the orientation implied by its 
position with respect to its immediate predecessor. ‘High-quality predictions’ refers to a subset of contigs 
or scaffolds whose position and orientation in their ordering is deemed more certain; the threshold for 
high quality is chosen for convenience for each assembly. 
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After aligning Hi-C read-pairs from a human male embryonic stem cell (ESC) line115 to this shotgun 

assembly, we applied LACHESIS to cluster the scaffolds into 23 chromosome groups (the libraries used 

to generate the shotgun assembly were derived from female DNA67), and then to order and orient the 

scaffolds within each chromosome group (Figures 3.2 and 3.3, Table 3.1, Figure A.3.4, Table A.2.1, and 

Table A.2.2). Most scaffolds (n = 13,528, comprising 98.2% of the length of the shotgun assembly) were 

clustered into one of the 23 groups (Figure 3.2a). Nearly all of these groups corresponded to individual 

chromosomes, with the exceptions of the X chromosome, whose two arms were split in separate groups 

(Figure 3.3u,v): one chimeric group containing very little sequence from many chromosomes (6.5 Mb 

total; Figure A.3.4w); chromosomes 19 and 22, which were ‘fused’ into a single group (Figure 3.3s); and 

chromosomes 20 and 21, also fused into a single group (Figure 3.3t). The fusions are probably due to 

the greater density of interchromosomal links observed between short chromosomes in Hi-C data98,116. 

Apart from these errors, 98.6% of clustered scaffolds (comprising 99.86% of their sum length) were 

correctly grouped (Table 3.1), suggesting that Hi-C data are highly informative for the clustering of 

sequences derived from individual chromosomes, including across centromeres. 

Within each chromosome group, the vast majority of the length of the clustered scaffolds was successfully 

ordered and oriented by LACHESIS (94.4% or 2.55 Gb; Table 3.1). The predicted orderings are highly 

concordant with the reference human genome (GRCh37), including across most megabase-scale 

centromere gaps, except for the occasional rearrangement of large segments within which nearly all 

scaffolds were well-ordered (Figure 3.3 and Figure A.3.4). For example, scaffolds corresponding to the 

long and short arms of chromosome 1 are grouped together and, respectively, very well-ordered, but the 

reconstructed arms are joined incorrectly (Figure 3.2b). To quantify local errors, we defined ordering 

errors as instances where a contig or scaffold is not in the expected order with respect to its immediate 

neighbors, and orientation errors as instances where a contig or scaffold is not in the expected orientation 

implied by its immediate predecessor in the ordering. By these definitions, 99.2% of clustered scaffolds, 

representing 99.5% of the sum length, were correctly ordered; 97.5% of clustered scaffolds, representing 

98.8% of the sum length, were correctly oriented. 
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Most ordering errors involve the inversion of local segments consisting of one or several contiguous 

scaffolds (Figure A.3.4). Compared to correctly ordered scaffolds, incorrectly ordered scaffolds are short 

and are enriched for segmental duplications and simple repeats (Figure A.3.5 and Table A.2.3). This 

suggests that complexities in the primary sequence are the source of many ordering errors, possibly 

through inaccuracies in the shotgun assembly or by confounding the mapping of Hi-C read-pairs. Other 

errors appear to be associated with the nonuniform distribution of biological interactions, for example, 

chromatin domains at various scales (Figure A.3.6). To address this in part, we calculated a quality score 

for ordering and orientation, defined as the relative log-likelihood of a contig’s predicted orientation to its 

opposite orientation in the weighted directed acyclic graph. Local accuracy was better for scaffolds with 

high quality scores (Table 3.1). For scaffolds with high quality scores occurring within the assembly trunk, 

which comprise 2.09 Gb or 76.4% of the overall shotgun assembly, 99.9% of sequence is correctly 

ordered and 99.7% correctly oriented (Table A.2.1). 

We also attempted the chromosome-scale de novo assembly of the mouse genome by an identical 

approach. We first used ALLPATHS-LG to assemble previously generated67 shotgun fragment and short 

jump (~2.2 Kb) mate-pair sequences to an N50 scaffold length of 224 Kb and a total length of 2.37 Gb. 

After aligning Hi-C read-pairs from a mouse ESC line115 to this shotgun assembly, we applied LACHESIS 

to cluster the scaffolds into 20 chromosome groups, and then to order and orient the scaffolds within each 

chromosome group (Figure 3.2c,d, Table 3.1, Figure A.3.7, Table A.2.1, and Table A.2.4). Most scaffolds 

(n = 22,802, comprising 98.0% of the length of the shotgun assembly) were clustered into one of the 20 

groups (Figure 3.2c). There was a clear 1-to-1 correspondence between these groups and bona fide 

chromosomes (GRCm38), although a small part of mouse chromosome 10 (2.6 Mb) was erroneously 

clustered with chromosome 8 (Table A.2.4). Of the clustered scaffolds, 99.5% (comprising 99.76% of their 

sum length) were correctly grouped (Table 3.1). The majority of the length of the clustered scaffolds was 

ordered and oriented by LACHESIS (86.7% or 2.02 Gb; Table 3.1). Almost all (98.9%) of clustered 

scaffolds, representing 99.5% of the sum length, were correctly ordered; 95.4% of scaffolds, representing 

98.1% of the sum length, were correctly oriented. Overall, the results for chromosome-scale de novo 

assembly of the mouse and human genomes are highly consistent. 
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3.3.3 Chromosome-scale assembly of the fruit fly genome 
 

To further evaluate the generality of this method, we next applied it to the de novo assembly of 

Drosophila, for which a high-quality reference genome is also available as a gold standard for 

comparison. We first used ALLPATHS-LG67 to assemble shotgun fragment sequences117 (without 

jumping libraries) to an N50 contig length of 68 Kb and a total length of 127 Mb. We then aligned Hi-C 

read-pairs derived from Drosophila118 to this shotgun assembly and used LACHESIS to cluster the 

contigs into four chromosome groups. Most contigs (81.2% of the length of the shotgun assembly) were 

clustered into one of the four groups (Figure A.3.8). This proportion is lower than that for the assemblies 

described above (≥98% for human and mouse), most likely because of the lower contiguity of the shotgun 

assembly (N50 contig size of 68 Kb for Drosophila versus N50 scaffold size of 437 Kb and 224 Kb for 

human and mouse, respectively). Nonetheless, the four groups corresponded well to the four Drosophila 

chromosomes (X, 2, 3 and 4), even though chromosome 4 is minuscule compared to the others (1.4 Mb 

or ~1% of the reference genome). Of the clustered scaffolds, 89.5% (comprising 96.6% of their sum 

length) were correctly grouped. 

We then applied LACHESIS to order and orient the Drosophila contigs within each of the four 

chromosome groups (Table A.2.5 and Figure A.3.9). A lower proportion of the shotgun assembly was 

ordered (82.0% by length for fly versus 94.4% for human), again likely because the Drosophila assembly 

has shorter contigs than the mammalian shotgun assemblies used above. The predicted order 

corresponded well with the actual order based on contig alignments to the Drosophila reference genome 

(FB2013_02, euchromatic sequences only), and the right and left arms of chromosomes 2 and 3 were 

well separated (Figure A.3.9). Once again, a subset of the chromosome groups contained 

rearrangements of large segments within which nearly all contigs were well ordered. At a local scale, 

94.8% of clustered contigs (95.4% of sum length) were correctly ordered, and 93.9% of clustered contigs 

(95.9% of sum length) were correctly oriented (Table 3.1). 
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Table 3.2: Metrics for LACHESIS-based scaffolding of simulated assemblies. Simulated assemblies 
were created by breaking up the human reference genome into simulated contigs of varying sizes, and 
then using LACHESIS to cluster, order and orient the simulated contigs. The simulated contigs’ expected 
order and orientation are derived from their true position in the reference genome. Ordering and 
orientation errors are defined as in Table 3.1. 

 

3.3.4 Robustness to contig size and Hi-C data quantity 
 

Our results for chromosome-scale scaffolding of the human, mouse and fly genomes were based on 

initial de novo assemblies with reasonably high N50s, that is, 437 Kb, 224 Kb and 68 Kb, respectively. To 

evaluate the power of this approach as a function of the contiguity of this initial assembly, we sought to 

reassemble simulated contigs of varying size derived from the human reference genome. In each 

iteration, we split the reference genome into equally sized contigs (10, 20, 50, 100, 200, 500 or 1,000 Kb) 

and mapped Hi-C read-pairs115 to these simulated shotgun assemblies. We then used LACHESIS to 

cluster, order and orient the simulated contigs (results for 100-Kb simulated contigs are shown in Figure 

A.3.10 and Figure A.3.11). The performance of the method with respect to completeness and local 

accuracy is robust above an initial N50 of 50 Kb, but degrades rapidly below this point (Table 3.2). 

In a separate analysis, we down-sampled the sequencing depth of Hi-C data and attempted 

chromosome-scale scaffolding of the human shotgun assembly (N50 = 437 Kb; Table A.2.6). Although 

clustering is robust to marked reductions in the amount of Hi-C data, accurate ordering and orienting of 

scaffolds within chromosome groups requires ~400 million read-pairs. Nonetheless, we note that even the 
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full amount of Hi-C data used here is <20% of the amount of sequencing data used to generate the initial 

shotgun assembly (59 Gb versus 303 Gb). 

 

3.3.5 Validating translocations in cancer genomes 
 

We also speculated that the strong intrachromosomal signal observed in Hi-C data might enable the 

global discovery or validation of interchromosomal rearrangements in cancer genomes, many of which 

are challenging to detect with methods other than karyotyping because the breakpoints occur in repetitive 

regions. For example, recent studies combined several mate-pair sequencing strategies to detect 

rearranged marker chromosomes in the aneuploid HeLa cancer cell line100,119, but such methods were 

only successful for a small proportion of rearrangements, and for none of the rearrangements involving 

centromeric sequences. Of note, the 4C method was previously used to detect chromosomal breakpoints 

in cancer genomes, but in a targeted rather than global fashion120. 

To test this, we constructed a Hi-C library from HeLa cells and sequenced it to high depth (154 M unique 

read-pairs). These data were mapped and used to generate a matrix of pairwise link densities between 

windows of length 1 Mb along the human reference genome. Visual examination of the matrix revealed 

off-diagonal patches of strong linkage with asymmetric decay, consistent with interchromosomal 

rearrangements (Figure 3.4). Most of these corresponded well to previously described marker 

chromosomes121, although we also observed strong evidence for two novel marker chromosomes 

(der(2;7)(q36;q10), “U1” and der(3;20)(q25;q10), “U2”). We implemented a rearrangement-calling method 

that successfully identified all of the suspected marker chromosomes, albeit with limited specificity (Figure 

A.3.12). Using chromatin interaction data in this way may enable the validation of candidate chromosomal 

rearrangements or the detection of chromosomal rearrangements in heterogeneous cancer cell 

populations that might not be detected by karyotyping of limited numbers of cells. 
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Figure 3.4: Detection of chromosome fusions in HeLa S3 using Hi-C data. Normalized 
interchromosomal links for a HeLa S3 Hi-C library between megabase windows were derived as 
described in Online Methods and are represented as an all-by-all heatmap. For visualization purposes, 
link weights are ranked and converted to a percentile. Previously identified marker chromosomes were 
identified (M1, M2, M4, M8, M9, M10, M11, M12, M14 and M16) as well as two additional peaks 
representing previously undescribed marker chromosomes (U1: der(2;7)(q36;q10) and U2: 
der(3;20)(q25;q10)). Two rearrangements are highlighted (M14 and U1) to demonstrate the signal focal 
point at the location of the fusion event with asymmetrical signal decay outward in the direction of the 
sequence contained in the chromosome fusion, thus allowing breakpoint identification as well as 
orientation. 

 

3.4 Conclusions 
 

Here we demonstrate that genome-wide chromatin interaction data sets, such as those generated by Hi-

C, are a rich source of long-range information for assigning, ordering and orienting genomic sequences to 

chromosomes, including across megabase-scale centromere gaps, as well as for validating chromosomal 
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translocations in cancer genomes. There are a number of avenues for the potential improvement of this 

approach, both experimentally and computationally. 

Although the experimental methods for Hi-C are straightforward, current protocols require a large amount 

of material (106–108 cells). As such, reducing the input requirements is an important technical goal. To 

date, global chromatin interaction data sets have been generated on organisms including yeast113, 

human98,115,116, mouse115, fruit fly118 and Arabidopsis thaliana122. This is consistent with broad applicability, 

but demonstrating these protocols on an even more diverse range of organisms is imperative. On a 

related point, as the success of this approach depends on chromosomes occupying distinct territories in 

the nucleus, it will be important to further validate LACHESIS in diverse species to confirm that this is 

ubiquitously the case. We also note that using multiple restriction enzymes (or developing new methods 

that avoid restriction digestion altogether and/or operate on purified high-molecular-weight genomic DNA) 

will likely improve performance, particularly for smaller contigs or scaffolds. Along the same lines, even if 

this approach broadly enables chromosome-scale scaffolding, the contiguity required for the initial de 

novo assembly (~50 Kb) may be challenging to achieve for many organisms. As such, there will remain a 

strong need for methods delivering ‘intermediate’ contiguity information in a highly cost-effective and 

scalable manner. 

Computationally, a substantial limitation of our current algorithm is that the clustering step requires the 

number of chromosomal groups to be specified a priori. We assessed whether the scoring metric used 

during clustering enables reliable inference of chromosome number, but it does not (Figure A.3.13). One 

potential solution is to order contigs or scaffolds before determining chromosome groups, but this is 

computationally difficult with large numbers of contigs or scaffolds. Alternatively, statistical methods for 

predicting the optimal number of clusters may prove useful123,124. 

Ordering and orientation errors were associated with short scaffolds, segmental duplications and simple 

repeats (Table A.2.3). It is possible that our full exclusion of ambiguously mapping reads may be 

introducing ‘gaps’ in contiguity information that increase the probability of errors in such regions. 

Alternatively, these errors may be secondary to flaws in the initial shotgun assembly. Consistent with the 

latter, we also ran LACHESIS on a human ‘shotgun assembly’ that has higher contiguity because it used 
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fosmid end-pair data67 (N50 scaffold length 11.5 Mb versus 437 Kb). We achieved chromosome-scale 

scaffolding of this assembly as well, but with lower accuracy owing to a small fraction of incorrectly joined 

scaffolds in the input to LACHESIS (Table A.2.1). This suggests that conservative de novo assembly 

before using chromatin interaction mapping for long-range scaffolding may be optimal. Lastly, we note 

that our use of chromatin interaction data for long-range scaffolding (by LACHESIS) was entirely separate 

from the initial assembly of contigs/scaffolds (by ALLPATHS-LG). We anticipate that a more integrated 

approach might improve accuracy. 

Starting from shotgun human and mouse genome assemblies, each consisting of tens of thousands of 

scaffolds, we were able to cluster nearly all scaffolds into groups that overwhelmingly corresponded to 

individual chromosomes. A high fraction of these assignments were correct (comprising >99% of the sum 

length of clustered scaffolds). We were further able to order and orient contigs within each chromosome 

group, including scaffolding across megabase-scale centromere gaps, with surprisingly few errors. As 

such, we achieved reasonably accurate de novo mammalian genome assemblies with chromosome-scale 

contiguity using just three types of libraries, all generated by in vitro methods and sequenced as short 

read-pairs on a single platform (for human, shotgun fragment (161 Gb); ~2.5 Kb short jump (142 Gb); and 

Hi-C (59 Gb)). Although its broad applicability beyond the genomes assembled here has still to be 

demonstrated, our approach may enable a new generation of de novo genome assemblies that do not 

sacrifice the high standards for contiguity set by the Human Genome Project. 
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3.6 Concurrent publications 
 

This manuscript was published simultaneously with another publication in Nature Biotechnology125 that 

uses the same principle of applying Hi-C to scaffolding genome assemblies. The authors apply a different 

computational approach for contig ordering, using a multidimensional scaling technique instead of the 

graph-based technique we used. This publication is also more narrowly focused than ours, as it does not 

attempt to scaffold any genomes other than the human genome, and it divides the human reference 

genome into 100-Kb bins rather than creating a human de novo assembly. However, it delves deeper into 

the case of the human reference genome, demonstrating that Hi-C can actually be used to improve this 

reference by placing 65 previously unplaced contigs. 

Similarly, another publication in the same issue of Nature Biotechnology126, which was in fact coordinated 

for publication with our manuscript, concerns the use of Hi-C for haplotyping genome assemblies. The 

authors used the principle that a chromosome tends to interact with itself more than with its homologous 

chromosome, even over long distances. This publication, combined with ours, raises the hope that a 

single Hi-C library might be used to both scaffold a de novo assembly and resolve its haplotypes, creating 

a high-contiguity diploid genome assembly. 
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CHAPTER 4: SPECIES-LEVEL DECONVOLUTION OF 
METAGENOME ASSEMBLIES USING HI-C 

 

 

This chapter is based on the following peer-reviewed publication99: 

Joshua N. Burton, Ivan Liachko, Maitreya J. Dunham and Jay Shendure. Species-Level Deconvolution 

of Metagenome Assemblies with Hi-C–Based Contact Probability Maps. G3: Genes | Genomes | Genetics 

4(7), 1339-1346 (2014). 

Boldface indicates authors who contributed equally to this work. 

 

Ivan Liachko and I conceived the idea of using Hi-C for metagenomic deconvolution, Together we 

designed the MetaPhase method (Figure 4.1). Ivan Liachko and Maitreya Dunham selected and 

gathered the yeast and bacterial strains for the M-Y and M-3D samples (Table 4.1). Ivan Liachko mixed 

the species together and performed Hi-C and sequencing on the mixtures (Table 4.2). I designed and 

wrote the MetaPhase software and applied both it and Lachesis to the sequencing data (Figures 4.2, 

4.3). I prepared the manuscript, with input from all authors. Maitreya Dunham and Jay Shendure 

supervised the study. The software portion of the MetaPhase method was written in C++ and Perl and is 

available online at https://github.com/shendurelab/MetaPhase. 
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4.1 Summary 
 

Microbial communities consist of mixed populations of organisms, including unknown species in unknown 

abundances. These communities are often studied through metagenomic shotgun sequencing, but 

standard library construction methods remove long-range contiguity information; thus, shotgun 

sequencing and de novo assembly of a metagenome typically yield a collection of contigs that cannot 

readily be grouped by species. Methods for generating chromatin-level contact probability maps, e.g., as 

generated by the Hi-C method, provide a signal of contiguity that is completely intracellular and contains 

both intrachromosomal and interchromosomal information. Here, we demonstrate how this signal can be 

exploited to reconstruct the individual genomes of microbial species present within a mixed sample. We 

apply this approach to two synthetic metagenome samples, successfully clustering the genome content of 

fungal, bacterial, and archaeal species with more than 99% agreement with published reference 

genomes. We also show that the Hi-C signal can secondarily be used to create scaffolded genome 

assemblies of individual eukaryotic species present within the microbial community, with higher levels of 

contiguity than some of the species’ published reference genomes. 

 

4.2 Introduction 
 

All ecosystems on this planet include communities of microbial organisms85,127-130, including our own 

bodies131,132. However, our understanding of microbial communities is limited by our ability to discern 

which microbial taxa they contain and how these taxa contribute to community-scale phenotypes. Most 

microbial taxa cannot be cultured independently of their native communities83 and therefore are not 

readily isolated for individual analysis, e.g., by genome sequencing. Such unculturable taxa may be 

difficult to study even if they are abundant89. Consequently, many analyses of microbial communities 

must treat them as a single sample, for example, by shotgun sequencing of a metagenome85,89,132 or 

metatranscriptome133,134. 
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A central challenge in analyzing a metagenome involves determining which sequence reads and/or 

sequence contigs originated from the same taxon90. Many computational methods have been developed 

to deconvolute metagenomic assemblies by mapping reads or contigs to assembled microbial genomes92 

or by analyzing base composition135 or gene abundance90,129. However, these strategies are handicapped 

by the remarkable variety of unculturable species in virtually all microbial communities and the fact that 

most of these species have not yet been sequenced in isolation83. Individual microbial genomes have 

been deconvoluted from shotgun metagenome reads using methods such as mate-pair libraries89,136, 

lineage-specific probes137, single-cell sequencing138, neural networks129,139,140, and differential coverage 

binning91,140. Some de novo assembly software has also been adapted to anticipate metagenomic 

shotgun sequence data86,87. These methods have succeeded in isolating whole genomes from abundant 

organisms in some communities, but they are specific to the communities for which they have been 

devised and often require prior knowledge of the community’s composition. Metagenomic analyses would 

benefit greatly from a more generalizable methodology that can identify the sequence content belonging 

to each taxon without any a priori knowledge of the genomes of these organisms, especially the genomes 

of low-abundance taxa. Related to the challenge of determining which contigs belong to the same species 

are the problems of how to further define and assemble the one or multiple chromosomes that comprise 

each species’ genome, and how to define and assign plasmid content to one or multiple species. 

To enable robust reconstruction of individual genomes from within a complex microbial community, 

additional information beyond standard shotgun sequencing libraries is required. We speculated that 

contact probability maps generated through chromosome conformation capture methods141 might inform 

the species-level deconvolution of metagenome assemblies. One specific method for generating contact 

probability maps, Hi-C, uses proximity ligation and massively parallel sequencing to generate paired-end 

sequence reads that capture three-dimensional genomic interactions within a cell98. We and others 

recently exploited the distance dependence of intrachromosomal interactions in Hi-C datasets to facilitate 

chromosome-scale de novo assembly of complex genomes97,125. As an additional feature, because 

crosslinking occurs prior to cell lysis in the Hi-C protocol, each Hi-C interaction involves a pair of reads 

originating from within the same cell. We speculated that in the context of heterogeneous cell populations 

(e.g., microbial communities), such pairings might inform the clustering of genome sequences originating 
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from the same species. Importantly, the efficacy of the Hi-C protocol has recently been demonstrated in 

bacteria142,143, implying that this method could be applicable to metagenome samples containing both 

prokaryotic and eukaryotic cells. 

Here, we provide experimental proof-of-concept for this strategy in several contexts while also describing 

an algorithm for this task, MetaPhase (Figure 4.1). We reconstruct the genomes of as many as 18 

species from a single synthetic mixture of eukaryotes and/or prokaryotes, including some species with as 

much as 90% sequence identity to one another, and we generate high-contiguity de novo assemblies for 

individual eukaryotic species present within the synthetic microbial community. In the process, we also 

present the first demonstration of Hi-C in an archaeal species. 

 

 

 

Table 4.1: Contents of the metagenome samples sequenced and analyzed with MetaPhase.  

 

 

 

Table 4.2: Sequencing libraries used in MetaPhase analyses. Hi-C libraries were prepared with the 
HindIII restriction enzyme. For description of sample names, see Table 4.1. 
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Figure 4.1: Overview of MetaPhase methodology. (a) Performing Hi-C on a mixed cell population. 
Shown are three microbial cells of different species (green, red, blue) with their genomes (thick colored 
lines or circles), which may or may not include multiple chromosomes or plasmids. A Hi-C library is 
prepared and sequenced from this sample. The Hi-C read pairs from this library (black lines) represent 
pairs of sequences that necessarily occur within the same cell. (b) Using Hi-C reads to deconvolute 
individual species’ genomes. A shotgun sequencing library from the same sample is used to create a 
draft de novo metagenome assembly, which contains contigs from all species (thick lines). The Hi-C 
reads are then aligned to this assembly. Because sequences connected by Hi-C links must appear in the 
same species, the contigs form clusters representing each species. Note that some sequences (e.g., 
blue/red dotted line) may appear in multiple species, confounding the clustering. (c) MetaPhase workflow. 
A single metagenome sample is used to create shotgun, Hi-C, and (optionally) mate-pair libraries, which 
are used together to create individual species assemblies. 
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4.3 Results 
 

4.3.1 Deconvoluting yeast genomes from a synthetic mixture 
 

To evaluate the effectiveness of the proposed strategy, we first applied it to a sample of defined, 

exclusively eukaryotic composition. Specifically, we created a synthetic metagenome sample consisting of 

16 yeast strains (“M-Y”) (Figure 4.2 and Table 4.1). The strains include four strains of Saccharomyces 

cerevisiae as well as 12 other species of Ascomycetes at varying genetic distances from S. cerevisiae, all 

of which have publicly available reference genomes (Table B.2.1, Figure B.3.1, and Figure B.3.2). These 

strains were grown individually to saturation in YPD medium and mixed in approximately similar 

proportions (with the exceptions of S. kudriavzevii and P. pastoris, which were mixed in at a much lower 

proportion to test the sensitivity of this approach). The mixed cell culture was treated with the cross-linking 

agent, formaldehyde, immediately after mixing the individual strains. Total DNA was isolated from the 

mixed population culture and prepared for sequencing. This resulted in 92.1 M Illumina read pairs from 

one shotgun library, 9.2 M Illumina read pairs from one mate-pair library, and 81.0 M read pairs from one 

Hi-C library (Table 4.2). 

We used the shotgun and mate-pair (∼4 kb) read pairs to generate a draft de novo metagenome 

assembly using IDBA-UD86 (see Supplementary Methods, Appendix B.1). This assembly had 48,511 

contigs with a total length of 136 Mb and an N50 contig length of 17.3 kb. Contigs from this assembly 

covered most of the reference genomes of all 13 yeast species present (average = 96.0%), with the 

exception of P. pastoris (13.7%), which also had a very low fraction of shotgun reads aligning to it (1.2%), 

confirming its low abundance in the sample (Figure B.3.3). 

We next aligned the Hi-C read pairs to the M-Y metagenome assembly, yielding a network of contigs 

joined by Hi-C links (Figure 4.2a). Then, exploiting the fact that sequences connected by Hi-C links are 

overwhelmingly expected to derive from the same cell, we used the links to cluster these contigs, 

applying a novel algorithm that combines the steps of Jarvis-Patrick clustering144 and agglomerative 

hierarchical clustering114 (see Supplementary Methods, Appendix B.1). Our algorithm suggested the 
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presence of 12 distinct clusters in the sample based on the metric of intracluster link enrichment (Figure 

B.3.4). It clustered the majority of the metagenome assembly (111 Mb or 82.2% of total sequence length) 

into these 12 clusters. Of the remaining 24.1 Mb of sequence not clustered, the majority (99.7%) 

belonged to contigs that contained no HindIII sites and thus are not expected to produce a Hi-C signal in 

this experiment. Bootstrapping tests confirmed the robustness of our clustering method (Table B.3). The 

12 clusters match closely with the 12 distinct species present in the draft assembly (excluding P. 

pastoris), and 99.2% of sequence was placed into the cluster representing a species to which it truly 

belongs (Figure 4.2b and Figure B.3.5), allowing for the possibility of a given contig belonging to multiple 

species. 

Further analysis of the clusters demonstrated several strengths and limitations of our method. Some 

species had greater Hi-C link densities than others after correcting for differences in species abundances 

(Figure B.3.6). This suggests that some species’ cells are more susceptible to lysis during Hi-C than 

others, and MetaPhase is robust to these differences. However, distantly related species proved easier to 

separate than closely related species. For example, in the cluster representing Scheffersomyces stipitis, 

99.88% of the contigs (by length) matched the S. stipitis reference genome; however, in the cluster 

representing S. cerevisiae, 3.3% of the contigs (by length) instead aligned uniquely to the genome of 

closely related S. mikatae. We also noted that the sequence content in the S. cerevisiae cluster included 

the contigs that aligned to any of the four S. cerevisiae strains’ reference genomes. This indicates that 

although our method is generally successful in merging closely related strains of the same species into a 

single cluster, genetic variation between strains causes fragmentation of the species’ sequence contigs in 

the metagenome assembly (Figure B.3.3), which in turn hampers our ability to delineate this cluster 

correctly because smaller contigs produce a weaker and noisier Hi-C signal. Separating this cluster into 

sub-clusters representing each S. cerevisiae strain represents an additional challenge that will require 

further algorithmic development. 
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Figure 4.2: MetaPhase clustering results on the M-Y draft metagenome assembly. (a) Using Hi-C 
links to cluster contigs into 12 clusters, one for every species with a substantial presence in the draft 
assembly. Each contig is shown as a dot, with size indicating contig length, colored by species. Edge 
widths represent the densities of Hi-C links between the contigs shown. Only 2400 contigs are shown: the 
200 largest contigs that map uniquely to each species. (b) Validation. This heatmap indicates what 
fraction of the sequence in each MetaPhase cluster maps uniquely to each of the reference genomes of 
the 12 present yeast species. Note that not all sequence is expected to map uniquely to one species. x-
axis: the 12 yeast species. y-axis: the MetaPhase clusters. (c-d) Lachesis97 reconstruction of individual 
species’ genomes within the M-Y metagenome assembly. These heatmaps show the Hi-C link density 
among the contigs in the MetaPhase clusters corresponding to S. stipitis (c) and K. wickerhamii (d). The 
x-axis and y-axis show the clustering and ordering of contigs by Lachesis. Dotted black lines demarcate 
chromosomal clusters. Note the expected signals of enrichment within each chromosome and on the 
main diagonal. The assembly in c is similar to the S. stipitis reference genome (Figure B.3.7), whereas 
the assembly in d has far higher chromosome-scale contiguity than the best available K. wickerhamii 
reference145. 
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4.3.2 Scaffolding individual yeast genomes with metagenomic libraries 
 

We next sought to scaffold the genomic content of individual yeast species from the clusters of contigs 

representing each species. We ran the contigs in each cluster through our Lachesis software97 to create 

chromosome-scale scaffolds. With the S. stipitis contig cluster, this approach yielded a scaffold for each 

of the eight S. stipitis chromosomes, with a total scaffolded sequence length of 14.2 Mb (91.7% of the S. 

stipitis reference genome and 95.1% of the portion of the S. stipitis genome that appeared in the draft 

metagenome assembly) (Figure 4.2c). These scaffolds matched the reference S. stipitis genome 

assembly fairly well (Figure B.3.7). There were a number of clustering errors, including one chromosomal 

cluster containing telomeric sequence from four other chromosomes, but the local misassembly rates 

were quite low: 0.9% and 1.1% for ordering and orientation errors, respectively. We applied this same 

method to the contig cluster representing K. wickerhamii, producing chromosome-scale scaffolds for each 

of the seven K. wickerhamii chromosomes, with a total length of 9.4 Mb (Figure 4.2d). These scaffolds, 

although we emphasize they have not been thoroughly validated, may represent a draft assembly with far 

higher contiguity than the existing K. wickerhamii reference genome145, which has an N50 contig size of 

only 36.7 kb. Thus, the MetaPhase approach can be combined with Lachesis to create high-contiguity de 

novo genome assemblies of individual eukaryotic species within metagenome samples. 

 

4.3.3 Concurrently deconvoluting eukaryotic, bacterial, and archaeal genomes 
 

We next asked whether MetaPhase could be applied to deconvolute a metagenome consisting of both 

eukaryotic and prokaryotic species. Toward a proof of concept, we gathered samples of 18 species 

including eight yeasts, nine bacteria, and one archaeon, thus representing all three domains of life (“M-

3D”) (Table 4.1 and Figure B.3.8). The species were grown in appropriate rich media and mixed together 

in similar proportions. The proportions were estimated by a combination of spectrophotometric, flow 

sorting, and counting approaches and were later confirmed by sequence coverage (Table B.2.2). 
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Figure 4.3: MetaPhase clustering results on the M-3D simulated contig assembly. (a) The reference 
genomes of the 18 species from the M-3D sample were split into 10-kb bins. Hi-C links from the 
metagenome sample were then used to divide the bins into 18 clusters, one for every species. The 
contigs are illustrated as in Figure 4.2a. Blue and green colors are yeast species; yellow is archaea; and 
red and orange are bacteria. (b) Validation. This heatmap has the same key as Figure 4.2b. (c) Heatmap 
of the M-3D Hi-C links aligned to the reference genome of Vibrio fischeri, one of the bacteria in the 
sample. The V. fischeri genome contains two chromosomes and a 46-kb plasmid, pES100 (demarcated 
by dotted black lines.) This heatmap has a resolution of 10 kb. (d) Applying Lachesis’ clustering algorithm 
to the V. fischeri clustered genome to deconvolute the pES100 plasmid from the V. fischerichromosomes. 
The x-axis shows the 424 simulated contigs in theV. fischeri cluster derived in (a) and (b). The y-axis 
shows the four clusters derived by Lachesis. Due to the presence of strong chromatin domains on 
chromosome I, Lachesis was unable to merge this chromosome into a single cluster and required an 
input of N = 4. 
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We created a simulated draft de novo metagenome assembly for M-3D by splitting the reference 

genomes of the 18 species into 10-kb contigs. We also experimentally generated a Hi-C sequencing 

library for the M-3D sample (Table 4.2), aligned these reads to the simulated contigs of the draft 

assembly, and clustered the contigs using Hi-C link frequencies (Figure 4.3a). Our algorithm predicted 

the presence of 18 distinct clusters, consistent with the actual content of the simulated draft assembly and 

experimental Hi-C data (Figure B.3.4). It clustered 89.1% of the simulated contigs into these 18 clusters; 

of the unclustered contigs, 85.8% contained no HindIII restriction sites and thus are not expected to 

produce a Hi-C signal in this experiment. The 18 clusters clearly matched the 18 species in the sample, 

with 99.6% of contigs clustered correctly (Figure 4.3b and Figure B.3.9). The clusters corresponding to 

archaeal and bacterial species had a particularly high accuracy rate of 99.87%. Bootstrapping tests 

confirmed the robustness of our method (Table B.2.3). Thus, our approach can simultaneously 

deconvolute the genomes of microbes belonging to all three domains of life, making it applicable to real 

and complex microbial communities. 

Finally, we sought to use Hi-C to scaffold the genomic content of prokaryotic species from clustered 

contigs. Consistent with previous findings142, we observed in the M-3D sample that both bacterial and 

archaeal genomes contain a substantially weaker signal of genomic proximity in Hi-C data than do 

eukaryotic genomes (Figure B.3.10). This suggests that in prokaryotic species, in sharp contrast with 

eukaryotic species, Hi-C is not very useful for ordering or orienting genomic content within chromosomes. 

However, Lachesis’ clustering algorithm can still be used to deconvolute chromosomes, including 

plasmids, inside prokaryotic cells. We applied this algorithm to the genome of Vibrio fischeri ES114, a 

bacterial strain present in M-3D that contains two chromosomes and one plasmid, pES100 (Figure 4.3c). 

The chromosomal architecture of V. fischeri prevented a complete merging of its chromosome I, but 

chromosome II and pES100 both formed distinct clusters (Figure 4.3d). Thus, MetaPhase and Lachesis 

are capable of using Hi-C signal not only to deconvolute prokaryotic genomes but also to separate 

plasmid-derived sequence from chromosomal sequence within clusters corresponding to individual 

species. 

 



54 
   

4.4 Conclusions 
 

Here, we demonstrate that contact probability maps such as those generated by Hi-C enable the 

deconvolution of shotgun metagenome assemblies and the reconstruction of individual genomes from 

mixed cell populations. Using only a single Hi-C library taken from a metagenome sample, we exploit two 

different signals inherent to Hi-C read pairing: the intracellularity of each pair, which enables species-level 

deconvolution, and the correlation of Hi-C linkage with chromosomal distance, which enables scaffolding 

of the de novo assemblies of at least eukaryotic species, as we have previously97. All of the sequencing 

libraries used here were generated by in vitro methods and were sequenced on a single cost-effective 

sequencing platform. 

The MetaPhase method is straightforward enough to be applicable to any metagenome sample from 

which a sufficient number of intact microbial cells can be isolated (105–108). Furthermore, this approach 

can be applied to microbial communities containing both prokaryotes and eukaryotes. The application of 

MetaPhase to diverse microbial communities may permit the discovery and genome assembly of many 

unculturable and currently unknown microbial species. Additionally, the use of the intracluster enrichment 

metric (Figure B.3.4) permits a rough estimate of the species diversity within a draft metagenome 

assembly, a useful piece of information that is not easily measured. However, as with all shotgun 

metagenomic sequencing, low-abundance species—such as P. pastoris in our M-Y sample—will remain 

challenging to assemble into contigs without very deep sequencing. Additionally, in samples containing 

species such as dinoflagellates with unusually large genomes146, even deeper sequencing of both 

shotgun and Hi-C libraries may be necessary. 

We note that as MetaPhase delineates genomic content corresponding to individual microbial species, it 

also informs the chromosome and plasmid structure of these genomes and, in the case of eukaryotic 

species, it is capable of facilitating high-contiguity draft genome assemblies. Thus, it makes new species 

immediately amenable to phylogenetic and functional analysis while concomitantly increasing the power 

of existing genome databases to classify metagenomic reads via non-de novo methods. This method 

need not be limited to metagenome samples, because any complex cell mixture may be deconvoluted 



55 
   

into individual genomes assuming enough genomic diversity is present that reads can be accurately 

mapped. 
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4.6 Concurrent publications 
 

While preparing this manuscript, we became aware of a competing manuscript that was published as a 

pre-print in PeerJ PrePrints147. This manuscript later appeared as a peer-reviewed publication in PeerJ 148 

at nearly the same time as our publication. The authors apply and demonstrate the same basic idea as 
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ours: using Hi-C for metagenomic deconvolution. They use simulated rather than real reads for their 

shotgun library. They apply their method to only one mixture of species, and it is simpler than either of our 

mixtures, containing only five strains of four bacterial species; furthermore, they do not do any further 

assembly post-deconvolution, as we do with LACHESIS. However, they do demonstrate chromosome- 

and plasmid-level deconvolution within their bacterial genomes. Also, unlike us, they demonstrate that Hi-

C should be able in theory to enable strain-level deconvolution. 
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CHAPTER 5: HAPLOTYPE RESOLUTION IN THE 
ANEUPLOID HELA CANCER CELL LINE 

 

 

This chapter is based on the following peer-reviewed publication100: 

Andrew Adey, Joshua N. Burton, Jacob O. Kitzman, Joseph B. Hiatt, Alexandra P. Lewis, Beth K. 

Martin, Ruolan Qiu, Choli Lee and Jay Shendure. The haplotype-resolved genome and epigenome of the 

aneuploid HeLa cancer cell line. Nature 500, 207–211 (2013). 

Boldface indicates authors who contributed equally to this work. 

 

Andrew Adey, Jacob Kitzman, and Jay Shendure conceived the idea of sequencing and haplotype-

resolving the HeLa genome. Joe Hiatt, Alexandra Lewis, Beth Martin, Ruolan Qiu, Charlie Lee, and 

Andrew Adey maintained cell cultures, constructed libraries, and performed DNA sequencing. Andrew 

Adey called SNVs, indels, and structural variants in HeLa CCL-2 and compared them with the panel of 

control germline genomes. Andrew Adey constructed the HeLa CCL-2 copy number profile, which I 

refined to a haplotype-resolved copy number profile (Figure 5.1). I called loss-of-heterozygosity regions 

and regions of genetic ancestry. Jacob Kitzman applied the fosmid clone pool sequencing method and 

called single-nucleotide variants in the haplotype clone pools. I used these calls to perform haplotype 

phasing and scaffolding on the variants. Jacob Kitzman and I analyzed the mutation rate in the HeLa 

genome. Andrew Adey analyzed the HPV integration locus (Figure 5.2), mapped the haplotype-resolved 

variants onto ENCODE data to haplotype-resolve the HeLa epigenome (Figures 5.3, 5.4), and performed 

the HeLa strain comparisons. Andrew Adey, Jacob Kitzman, Jay Shendure, and I wrote the manuscript. 

Jay Shendure supervised the study. 

  



58 
   

5.1 Summary 
 

In this chapter we demonstrate new algorithms for haplotype resolution and apply them to the genome of 

HeLa, a famous cancer cell line derived from the cells of Henrietta Lacks. Jacob Kitzman had previously 

developed a method82 to create haplotype-resolved fosmid clone pools, enabling molecular phasing. Here 

we exploit this method again to enable medium-range haplotype resolution across the HeLa genome. 

Then we exploit copy number imbalances to extend the haplotype resolution across entire chromosome 

blocks, and we use this resolution to phase the epigenome of HeLa and explore the etiology of the viral 

insertion that originally caused the cancer. This work made HeLa the first cancer genome to be 

haplotype-resolved. Also, by making the HeLa genome publicly available, it led directly to a historic data-

sharing agreement between the NIH and the surviving members of Henrietta Lacks’ family102. 

 

5.2 Introduction 
 

The HeLa cell line was established in 1951 from cervical cancer cells taken from a patient, Henrietta 

Lacks. This was the first successful attempt to immortalize human-derived cells in vitro149. The robust 

growth and unrestricted distribution of HeLa cells resulted in its broad adoption—both intentionally and 

through widespread cross-contamination150—and for the past 60 years it has served a role analogous to 

that of a model organism101. The cumulative impact of the HeLa cell line on research is demonstrated by 

its occurrence in more than 74,000 PubMed abstracts (approximately 0.3%). The genomic architecture of 

HeLa remains largely unexplored beyond its karyotype121, partly because like many cancers, its extensive 

aneuploidy renders such analyses challenging. We carried out haplotype-resolved whole-genome 

sequencing82 of the HeLa CCL-2 strain, examined point- and indel-mutation variations, mapped copy-

number variations and loss of heterozygosity regions, and phased variants across full chromosome arms. 

We also investigated variation and copy-number profiles for HeLa S3 and eight additional strains. We find 

that HeLa is relatively stable in terms of point variation, with few new mutations accumulating after early 

passaging. Haplotype resolution facilitated reconstruction of an amplified, highly rearranged region of 
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chromosome 8q24.21 at which integration of the human papilloma virus type 18 (HPV-18) genome 

occurred and that is likely to be the event that initiated tumorigenesis. We combined these maps with 

RNA-seq151 and ENCODE Project152 data sets to phase the HeLa epigenome. This revealed strong, 

haplotype-specific activation of the proto-oncogene MYC by the integrated HPV-18 genome 

approximately 500 kilobases upstream, and enabled global analyses of the relationship between gene 

dosage and expression. These data provide an extensively phased, high-quality reference genome for 

past and future experiments relying on HeLa, and demonstrate the value of haplotype resolution for 

characterizing cancer genomes and epigenomes. 

 

5.3 Results 
 

5.3.1 Point variation in HeLa 
 

We generated a haplotype-resolved genome sequence of HeLa CCL-2 using a multifaceted approach 

that included shotgun, mate-pair and long-read sequencing, as well as sequencing of pools of fosmid 

clones82 (Table C.2.1). To catalogue variants, we carried out conventional shotgun sequencing to 88× 

non-duplicate coverage and reanalyzed 11 control germline genomes in parallel153 (Tables C.2.2 and 

C.2.3). Although normal tissue corresponding to HeLa is unavailable, the total number of single-

nucleotide variants (SNVs) identified in HeLa CCL-2 (n = 4.1 × 106) and the proportion overlapping with 

the 1000 Genomes Project154 (90.2%) were similar to controls (mean n = 4.2 × 106 and 87.7%, 

respectively), suggesting that HeLa has not accumulated appreciably large numbers of somatic SNVs 

relative to inherited variants. Indel variation was unremarkable after accounting for differences in 

coverage (Figure C.3.1). Short tandem repeat profiles of HeLa also resembled controls, consistent with 

mismatch repair proficiency (Figure C.3.2). 

After removing protein-altering variants that overlapped with the 1000 Genomes Project or the Exome 

Sequencing Project155, similar numbers of private protein-altering (PPA) SNVs were found in HeLa (n = 
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269) and controls (mean n = 391). Gene ontology analysis found that all terms enriched for PPA variants 

in HeLa (P ≤ 0.01) were also enriched in at least one control (except for ‘startle response’ in HeLa), 

suggesting that known cancer-related pathways are not perturbed extensively by point or indel mutations 

(Figure C.3.3). Although a previous study of the HeLa transcriptome156 reported an enrichment of putative 

mutations in cell-cycle- and E2F-related genes, subsequently generated population-scale data sets 

contain all variants that we observed in these genes, suggesting that they are inherited and benign rather 

than somatic and pathogenic. 

The overlap between PPA variants and the Catalogue of Somatic Mutations in Cancer (COSMIC)157 was 

similar for HeLa (n = 1) and control genomes (mean n = 2.6). The gene-level overlap with the Sanger 

Cancer Gene Census (SCGC)157 was also similar for HeLa (n = 4) and control genomes (mean n = 8.7). 

Canonical tumor suppressors and oncogenes were notably absent among the five SCGC genes with PPA 

variants in HeLa (BCL11B, EP300, FGFR3, NOTCH1 and PRDM16, Tables C.2.3–C.2.5). However, three 

are associated with HPV-mediated oncogenesis (FGFR3, EP300, NOTCH1) and may be ancillary to the 

dominant role of HPV oncoproteins in HeLa and other HPV+ cervical carcinomas158. Mutations in FGFR3 

have been noted previously in cervical carcinomas, although infrequently and at different residues than 

observed here159. Both EP300 and NOTCH1 are recurrently mutated in diverse cancers and are involved 

in Notch signaling, a pathway that is dysregulated in HeLa160. EP300, which encodes the transcriptional 

co-activator p300, interacts directly with viral oncoproteins such as HPV-16 E6 and HPV-16 E7161. 

Although the in-frame deletion of a highly conserved amino acid in EP300 seems to be somatic 

(heterozygous within a loss-of-heterozygosity (LOH) region), it is still possible that the others are rare, 

inherited variants or passenger mutations. Further studies are required to resolve their functional 

relevance and to assess whether these genes are recurrently altered in HPV+ cervical carcinomas. 

 

5.3.2 Structural variation in HeLa 
 

Aneuploidy and LOH, which are hallmarks of cancer genomes, were mapped in HeLa by constructing a 

digital copy-number profile at kilobase resolution (Figure 5.1, Figure C.3.4). Read coverage profiles were 
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segmented by a Hidden Markov Model (HMM) and recalibrated to account for widespread aneuploidy 

(Figure C.3.5 and C.3.6). 61% of the genome has a baseline copy number of 3, and only a small minority 

(3%) has a copy number of greater than 4 or less than 2. LOH encompassed 15.7% of the genome, 

including several entire chromosome arms (5p, 6q, Xp, Xq) or large distal portions (2q, 3q, 6p, 11q, 13q, 

19p, 22q) (Figure C.3.7 and Table C.2.6), consistent with previous descriptions of LOH in cervical 

carcinomas162. The overall profile is consistent with published karyotypes of various HeLa strains121, 

suggesting that the hypertriploid state arose either during tumorigenesis or early in the establishment of 

the HeLa cell line. 

Structural variants were identified by clustering discordantly mapped reads from 40-kb and 3-kb mate-pair 

libraries (Figure C.3.8). Twenty interchromosomal links were identified, including links for marker 

chromosomes M11 (9q33–11p14) and M14 (13q21–19p13). In addition, 209 HeLa-specific deletions and 

8 inversions were found (Figure C.3.9 and C.3.11). Only two genes that are impacted by HeLa-specific 

structural rearrangements intersected with SCGC (STK11, FHIT), both of which are recurrently deleted in 

cervical carcinomas163,164. 

 

5.3.3 Haplotype resolution of the HeLa genome 
 

Conventional whole-genome sequencing fails to resolve haplotype phase, an essential aspect of the 

description and interpretation of non-haploid genomes, including cancer genomes80. Recently, several 

groups have demonstrated genome-wide measurement of local82 or sparse165 haplotypes, but these 

approaches have yet to be applied to aneuploid cancer genomes. To resolve haplotype phase across the 

HeLa genome, we sequenced pools of fosmid clones82. Specifically, we constructed three complex 

fosmid-clone libraries, and then carried out limiting dilution and shotgun sequencing of 288 fosmid clone 

pools. In summary, these were estimated to include 518,293 individual non-overlapping clones with a 

median insert size of 33 kb, for a total physical coverage of 6.3× of the haploid reference genome (Figure 

C.3.12). The complement of likely inherited heterozygous variants (SNP and indel, n = 1.97 × 106) was 

ascertained by shotgun sequencing and by cross-referencing with calls made by the 1000 Genomes 
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Project, and then re-genotyped using reads from each clone pool. Alleles that were present at distinct 

heterozygous sites within a given clone were assigned, or ‘phased’, to the same inherited haplotype, and 

the unobserved alleles were implicitly phased to the opposite haplotype. When overlapping clones from 

distinct pools were merged, this resulted in haplotype blocks with an N50 (the contig size above which 

50% of the total length of the haplotype assembly is included) of 550 kb containing 90.6% of 

heterozygous variants that were probably inherited. 

Most of the HeLa genome is present at an uneven haplotype ratio (for example, 2:1 in regions in which 

copy number = 3). We sought to exploit the resulting allelic imbalance to phase consecutive haplotype 

blocks (Figure C.3.13). We first calculated the cumulative allelic ratio among shotgun reads for the SNVs 

residing in each haplotype block, which clustered closely with the underlying haplotype ratio. For 

example, in non-LOH regions with a copy number of 3 that have ratios of 2:1 or 1:2, allelic ratios 

calculated for each block had distributions centered on 0.32 or 0.65, close to the expected fractions of 1/3 

and 2/3 (Figure C.3.14). Using these ratios, we merged haplotype blocks into scaffolds covering 1.96 Gb 

or 90.3% of the non-LOH HeLa genome (scaffold N50 of 44.8 Mb). The haplotype-resolved scaffolds 

were then merged with the copy-number map to produce a global, haplotype-resolved copy-number 

profile of the aneuploid HeLa genome (Figure 5.1a, Figure C.3.15). 

Phasing accuracy was independently confirmed by several methods. First, 99.7% of informative read 

pairs from 3-kb mate-pair sequencing (each read overlapping a phased site) were concordant with the 

predicted phase. Second, long-insert single-molecule sequencing (Pacific Biosciences RS; mean, 2.97 

kb; 90th percentile, 5.1 kb among informative reads) showed that 97.2% of reads were in perfect 

agreement with the predicted phase, despite the high per-base sequencing error rate of approximately 

15% (Figure C.3.16). Third, examination of allelic state across 47.3 Mb of chromosome 18q, which 

underwent LOH in HeLa S3 but not in CCL-2, showed that out of the 17,761 affected alleles 

(heterozygous in CCL-2 but at an allele balance of greater than 0.9 among S3 reads), 99.7% 

corresponded to those phased together on haplotype A in CCL-2 (Figure C.3.17). Finally, windowed 

analysis of population allele frequencies revealed probable African or European genetic ancestry across 
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long stretches of the haplotype-resolved genome, consistent with recent admixture and a low switch error 

rate (Figures C.3.18 and C.3.19). 

.  

Figure 5.1: Haplotype-resolved copy number of the HeLa genome. (a) Copy-number profile of HeLa 
split by haplotypes. Links denote likely contiguity and tandem duplications. Boxes indicate marker 
chromosomes identified by copy-number breakpoints (boxes are colored by haplotype; black, unknown; 
pink text, uncertain locations; S, links confirmed by mate-pair sequencing). (b) Windowed copy-number 
ratios for HeLa CCL-2 (green and purple, alternating chromosomes) and HeLa S3 (grey), with predicted 
integer copy number for S3 (black). Notable strain differences are indicated by red arrows (for example, 
reduced copy over chromosome 18q). The window containing the HPV insertion and rearrangement is at 
elevated copy in both strains. 
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To measure the frequency of new mutations in the HeLa genome, we examined amplified haplotypes for 

de facto somatic mutations occurring during tumorigenesis or early in the cell line’s subsequent 

passaging. Within LOH regions, these appear as polymorphisms; 2,883 such sites (mean, 1.31 per 

haploid Mb; Table C.2.7) were confirmed by clone-pool sequencing and allele frequency in shotgun 

sequencing (Figures C.3.20 and C.3.21). In non-LOH regions, in which one haplotype is amplified but 

both remain present, the majority of observed heterozygous sites are inherited, as reflected by their 

substantial overlap with variants from the 1000 Genomes Project (86.7%, n = 2,339,608). Excluding these 

and sites found in the 11 control genomes, 5,282 sites (mean, 1.32 per haploid Mb) remained at which 

clones differed in genotype between the two or more amplified copies of the same germline haplotype, 

with little regional variation in the abundance (Figure C.3.22). In summary, 8,165 somatic mutations were 

validated with an estimated sensitivity of 61.1%, placing an upper bound on the point-mutational burden 

sustained by HeLa CCL-2 after aneuploidy. Despite many additional doublings in culture, this point-

mutation frequency (2.16 per Mb) is on the lower end of frequencies observed across different cancer 

genomes166. However, without estimates for parameters such as the number of doublings during 

tumorigenesis, the count of cells explanted, and the number of passages in culture, this estimate of post-

aneuploidy mutational burden cannot be rescaled to a rate per base per division. 

 

5.3.4 Comparing HeLa S2 with other strains 
 

Four years after the initial establishment of the HeLa cell line, several additional strains were cloned167. 

One of these, HeLa S3, remains in widespread use today and has been profiled extensively as part of the 

ENCODE Project. To investigate the divergence between CCL-2 and S3, we carried out shotgun 

sequencing of S3 to 26× coverage. Outside of S3-specific regions of LOH, 94.5% of rare variants in CCL-

2 were shared with S3 (n = 204,841 sites excluding 1000 Genomes Project and segmental duplications, 

and requiring ≥8× coverage in each genome; Figure C.3.23 and Table C.2.8). Somatic mutations were 

also shared, though to a lesser degree: 72.4% of clone-confirmed somatic mutations from CCL-2 were 
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found in S3 (n = 8,054 sites with ≥8× coverage in S3), consistent with a low rate of somatic SNV 

accumulation since the strains diverged in 1955. 

 

Figure 5.2: The HeLa HPV integration 
locus. (a) Chromosome 8 read depth 
flanking the HPV integration site (top, blue 
line), windowed copy-number ratios 
(purple points, shaded by segment) and 
integer copy states (red bars, middle), and 
corresponding segments and breakpoints 
(circled numbers with genomic 
coordinates, bottom). (b) Proposed HPV 
integration structure: per-segment copy 
number (top left), non-rearranged 
haplotype B (copy number = 1, top right), 
rearranged haplotype A with HPV insertion 
(copy number = 3, bottom) carrying 
approximately 3 and 6 tandem copies of 
repeats R1 and R2, respectively. Hap, 
haplotype. (c) The partial HPV-18 genome 
and corresponding genes (grey and blue, 
top) with breakpoints highlighted by 
numbered circles. For reference, the entire 
HPV-18 genome is shown (bottom). 

 

The copy-number profile of HeLa S3 broadly mirrors that of CCL-2 (Figure 5.1b and Figure C.3.7 and 

C.3.24) as well as eight additional HeLa strains that we sequenced lightly (3.5 to 4.3×). We observed 

some strain-specific differences (Figure C.3.25–C.3.27), consistent with previous reports of karyotypic 

heterogeneity both among and within strains. Despite some variability, a copy number of three was the 

dominant state consistently, with a median of 52% of the genome across the eight strains (range 38–

60%), similar to its prevalence in CCL-2 (61%). Gains or losses of entire chromosome arms were 

observed (for example, chr18q, HeLa S3 (Figure 5.1b), chr9p, CCL-13 (Figure C.3.28 and C.3.29)), but 

smaller amplifications and deletions were more common. These may correspond to variability in copy 

rather than in the content of marker chromosomes present, as suggested by high overall breakpoint 

concordance between strains (81% of copy-number breakpoints within ±1 Mb were present in ≥2 strains). 

The additional eight cell lines analyzed here were identified in the 1970s168 as products of HeLa 

contamination into other tissue cultures in the preceding two decades. Their shared set of structural 
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abnormalities reflects their common origin from small founder populations of contaminating cells and 

reinforces the view that the structural rearrangements resulting in marker chromosomes arose early and 

are variable in copy number. 

 

5.3.5 HPV integration into the HeLa genome 
 

Nearly all cervical cancer is caused by human papillomavirus (HPV) infection. Within HeLa, a partial copy 

of the HPV-18 genome is integrated at a known fragile site on chromosome 8q24.21169,170. Haplotype and 

copy-number maps indicate that the flanking regions are present at copy number four, at a haplotype ratio 

of 3:1. To characterize the structure and copy number of the insertion, we included the HPV-18 genome 

alongside the human reference during alignment of clone-pool reads. By analyzing patterns of coverage 

from breakpoint-spanning fosmid clones, read-depth data and breakpoint sequencing, we generated a 

structural model for the viral integration (Figure 5.2a,b and Figure C.3.30 and C.3.31). Two repeat 

structures (which we designate R1 and R2) consisting of the partial viral genome are interspersed with 

regions of human chromosome 8q24.21 genomic DNA. The viral genome is present with identical 

breakpoints on each copy of the amplified haplotype, to the exclusion of the other haplotype, which 

remains at single copy and lacks integration-associated rearrangements, confirming that integration and 

rearrangement preceded aneuploidy. The integrated structure contains only two-thirds of the complete 

HPV-18 genome, including full-length copies of the E6 and E7 oncogenes necessary for telomerase 

activity (amplified to a copy number of approximately 12), but lacking a functional copy of E2, an inhibitor 

of E6 and E7158 (Figure 5.2c). In addition, a distinct portion of the HPV-18 genome, amplified to a copy 

number of approximately 30 in HeLa, includes an epithelium-specific enhancer that controls E6 and E7 

transcription171, possibly contributing to their high expression (Figure C.3.32). 
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5.3.6 Haplotype and copy number resolution of the HeLa epigenome 
 

Extensive sequencing-based functional genomic data have been generated on HeLa and other cancer 

cell lines by the ENCODE Project152, but these have the potential to be misinterpreted if their analysis 

does not account for aneuploidy and phase. As HeLa CCL-2 and S3 are nearly identical in genotype, we 

used haplotype and copy-number maps of CCL-2 to assign phase to publicly available152 functional data 

generated on S3, including transcription-factor binding, chromatin modification and chromatin-

accessibility data sets. We also calculated haplotype-specific gene-expression scores using RNA 

sequencing (RNA-seq) data generated in this study and by others151,152 (Figure C.3.33–C.3.35). For each 

data set, aligned reads were phased by comparison to HeLa CCL-2 haplotype blocks. Corresponding 

peak scores (chromatin immunoprecipitation followed by high-throughput sequencing (ChIP-seq) and 

DNase I sequencing (DNase-seq)) or gene-expression values (RNA-seq) called from the full set of reads 

were divided proportionally based on the abundance of phase-informative mapping to each haplotype, 

normalized to each haplotype’s estimated copy number. Mapping to the human reference genome 

imposed a slight bias, favoring the reference allele by an average of 1.08-fold. We constructed two HeLa-

specific reference sequences by introducing all SNVs from each haplotype onto one or the other; 

mapping to this reference mitigated most of the bias (to 1.02-fold, or a 75% reduction; Figure C.3.36–

C.3.38). 

Across the HeLa genome, gene expression is significantly correlated with copy number (P = 0.075; 

Figure 5.3a,b), suggesting a minimal role for gene-dosage buffering. Moreover, on average, each 

haplotype copy makes a comparable contribution to the transcriptome, despite uneven amplification and, 

in some cases, rearrangement (Figure 5.3c,e). This trend is also observed for histone modifications, 

DNase hypersensitivity and transcription factor binding (Figures C.3.39 and C.3.40). Transcript allele 

balances at sites heterozygous in CCL-2 on chromosome 18q closely followed the genomic balance 

(mean 66% representation of the A allele (two-thirds was expected)), but S3 nearly exclusively matched 

the A allele (94% of reads), reflecting the S3-specific LOH event (Figure 5.3d). However, a small number 
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Figure 5.3: Gene expression by haplotype and copy number in HeLa S3. (a) Transcript abundance 
(reads per kb per million (RPKM), for genes with RPKM ≥1) is positively correlated with gene copy. (b) 
Expression per copy (RPKM per gene copy number) does not correlate with copy number. (c) Fractional 
contribution of haplotype A to overall expression (Hap A/total) (RPKM averaged across Mb windows at 
phased sites) split by haplotype-resolved copy number. Open circles indicate expected fractions. (d) 
Haplotype-A-specific expression in HeLa S3 but not CCL-2 across S3-specific LOH on chr18q. (e) 
Haplotype A fractional contribution to expression across the genome, color-coded by underlying 
haplotype-resolved copy number as in c (point size: log2 total RPKM, grey boxes: HeLa S3 LOH). 

 

 
Figure 5.4: Haplotype-specific regulation near the HPV integration site. (a) Long-range chromatin 
interactions between the HPV and MYC loci demonstrated by ChIA-PET171 with the RNA polymerase II 
signal (top) shown for HeLa S3 and an HPV− cell line (K562). Chromatin interactions (middle) are 
indicated by a green arrow. Bar graphs (bottom) show read counts at phased, informative sites in MYC 
(red, haplotype A, blue, haplotype B). (b) Transcript abundance in HeLa S3 across the MYC locus 
measured by RNA-seq. Overall coverage is shown in grey (top) with phased, informative sites highlighted 
by green ticks (pink text, non-reference alleles). Haplotype contributions at each variant are shown in bar 
graphs (bottom), as in a. 
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of regions showed strong imbalances between each haplotype’s contribution to overall patterns of 

expression, chromatin modification and transcription-factor binding (2.4% of ENCODE peaks, excluding 

those in LOH regions; Figure C.3.41–C.3.44). Interestingly, the HPV-18 insertion locus and proto-

oncogene MYC (separated by approximately 500 kb) were among the regions with the most highly 

haplotype-imbalanced regulation in the genome (Figure C.3.45). Phased RNA-seq data indicate that MYC 

is highly expressed, but almost exclusively from the HPV-18-integrated haplotype (mean ratio, 95:1; 

Figure 5.4b and Figure C.3.46). Phased ENCODE tracks and long-range chromatin interaction data 

(ChIA-PET (chromatin interaction analysis with paired-end tag sequencing)172; Figure 5.4a and Figure 

C.3.47) across the region indicate that transcription-factor occupancy, active chromatin marks and long-

distance physical contacts are also nearly exclusive to the HPV-integrated, transcriptionally active 

haplotype. Taken together, these data implicate viral integration as a strong activator of MYC 

expression173, acting in cis rather than in trans and possibly mediated by the epithelium-specific viral 

enhancer amplified to a copy number of approximately 30 within the R1 repeat structure (Figure 5.2b)171. 

This strong cis interaction—between the amplified, integrated genome of a DNA tumor virus and a 

canonical proto-oncogene—may underlie the robust growth characteristics of the HeLa cell line, and 

provides indirect support for the hypothesis that inherited risk loci for cancer at chromosome 8q24 

operate through activation of MYC174. 

 

5.4 Conclusions 
 

In summary, we present a haplotype-resolved genome and a haplotype-resolved epigenome of a human 

cancer. Our study not only provides an overdue genomic analysis of the human cell line that is possibly 

the most commonly used in biomedical research but also represents a unique view into a cancer genome 

and epigenome enabled by the acquisition of haplotype information. 
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5.6 Concurrent publication 
 

While this publication was in press, another publication describing the HeLa genome appeared in G3119. 

This publication described the genome and transcriptome of the HeLa cell line in detail, including a list of 

SNV and structural variant calls, and it speculated on the etiology of the structural variation. However, it 

did not involve any haplotype resolution of the HeLa genome or epigenome, nor did it analyze HPV 

integration locus to determine the possible etiologies of the cervical cancer. The G3 publication incited 

criticism from people who claimed that its variant list constituted an invasion of the Lacks family’s genetic 

privacy. Francis Collins of the NIH became involved, and our own Nature publication was held in press 

while Collins and the Lacks family worked together to hammer out a historic data-sharing deal. This deal 

was made public concurrently with our publication102. 
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CHAPTER 6: CHALLENGES AND FUTURE 
DIRECTIONS 

 

6.1 Where do we go from here? 
 

In this chapter I will attempt to place the work I have described in this dissertation into the greater context 

of the rapidly evolving field of genomics. Acknowledging the very small but not quite infinitesimal role that 

my own effort has played in advancing the progress of genomics, I will discuss the implications of my 

projects, the difficulties which have hindered them and which still remain challenges in the field, and the 

tools that are currently being developed to overcome these difficulties. I will give my predictions for where 

the field is likely to be headed in the future. 

 

6.2 More reads 
 

The story of genomics over the past decade can be encapsulated by the story of improvements in DNA 

sequencing technologies. The cost per base of sequencing has trended relentlessly downward over the 

past 25 years, at a rate substantially faster than Moore’s Law175, and therefore the range of genomic and 

biological questions that can be feasibly asked on a limited budget has continued to grow. Thus we have 

the developers of sequencing technologies such as Illumina, 454, Pacific Biosciences, and Ion Torrent 

(Figure 2.1) to thank for the ongoing revolution in genomic science. 

Although next-generation sequencing technologies were becoming commercially available as early as 

200555, the period of swiftest decline in sequencing costs occurred between 2007 and 2011, when 

Illumina bought and developed Solexa’s sequencing-by-synthesis technology and greatly increased its 

throughput175,176. By 2011, Illumina had established market dominance, it had left its competitors far 

behind technologically, and its rate of innovation began to slacken. The promise of continuing to outpace 

Moore’s Law looked questionable for a few years. However, new competitors were waiting in the wings, 
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and the year 2014 has happily witnessed a return to the speedy improvements in sequencing technology. 

In this calendar year alone, we have witnessed the first high-coverage dataset of long reads sequenced 

from the human genome, from Pacific Biosciences177; the first public release of nanopore sequencing 

data, from Oxford Nanopore178; and the announcement of Illumina’s HiSeq X, which promises to 

resequence human genomes for less than $1,000 each62. It does not require great courage to predict that 

the per-base cost of sequencing will continue to drop rapidly over the next several years and that this will 

enable yet more studies across the field of genomics. 

 

6.3 Longer reads 
 

Not all bases are created equal: the length of the reads on which the bases are located also matters 

greatly. A billion short reads may provide less long-range contiguity than a single 10-Kb read that spans a 

long, near-perfect repeat element. Fortunately, many of the sequencing technologies now challenging 

Illumina produce reads that are long as well as numerous. 

In the long term, perhaps the greatest promise comes from nanopore sequencing technologies, in which 

a nucleic acid molecule is passed through a pore protein embedded in a membrane and the voltage 

across the membrane is used as a readout. After decades of hope29,179, nanopore sequencing appeared 

to be on the verge of becoming a reality in 2012 with Oxford Nanopore’s announcement of its minION 

sequencer, based on an α-hemolysin nanopore180. The sequencer’s specifications seemed too good to be 

true, and they were, at least in 2012. Two years later, amid much hype, Oxford was pressured to release 

some data from its MinION instrument; the reads were low in number and high in systematic errors178. It is 

clear that Oxford’s α-hemolysin nanopore sequencing chemistry is far from perfected, as is its informatic 

analysis of the electrical signal. But Oxford is expending great effort in improving their workflow, and their 

error rate will certainly decrease. Meanwhile, other groups are exploring the possibility of sequencing 

DNA using other protein nanopores such as MspA181. 
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With the advent of high-throughput nanopore sequencing likely still years away, the strongest player in 

long-read technologies is currently Pacific Biosciences, or “PacBio”, which uses a unique single-molecule 

real-time (SMRT) technology to produce long reads with trackable signals for methylation and other 

chemical modifications. PacBio’s instruments were first made commercially available since 2009 but 

produced too few reads to be cost-effective for most applications at that time. However, PacBio increased 

the throughput of its sequencers fourfold in 2012 and 2013 and may do so again in 2014. They have also 

succeeded in producing ever-greater read lengths, with the longest verified report at over 54 kilobases182, 

although the number of extremely long reads is quite low because PacBio reads have a geometrically 

decaying length distribution. 

Read length is more criticial for some genomic applications than for others, and the market is already 

becoming segmented into users who truly need long reads and users who do not. For resequencing 

studies in which SNPs are called, no long-range contiguity is necessary, and Illumina short reads suffice. 

However, the additional medium-range contiguity provided by long reads is useful for calling structural 

variants94. More relevant to the subject at hand, long reads are extremely helpful for any kind of de novo 

genome or metagenome assembly. 

 

6.4 More complete genome assemblies 
 

In Chapter 3 of this dissertation I demonstrated a novel method to create high-contiguity de novo genome 

assemblies using Hi-C. In this approach, the Hi-C library preparation is difficult, but the sequencing itself 

can be carried out inexpensively on Illumina instruments, so the approach is quite cheap. However, the 

wide adoption of this approach may be challenged by the advance of PacBio, which is well-positioned to 

capture a large share of the de novo single-genome assembly market. PacBio offers a number of 

improvements over Illumina for accurately determining primary sequence content in de novo genome 

assemblies. PacBio’s single-molecule technology is less susceptible to GC bias than Illumina’s PCR-

based method, leading to smoother genome-wide coverage183. Furthermore, although PacBio reads have 
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notoriously high error rates, the errors are distributed nearly randomly, rather than systematically biased 

as in Illumina reads184. Thus, if PacBio reads are sequenced to sufficiently high coverage, they can be 

used to error correct one another, and the resulting error-free reads can be used to generate a high-

quality and high-contiguity de novo assembly93. 

In practice, this approach remains prohibitively expensive for general applicability to de novo assemblies 

of large genomes; a few more iterations of technological improvement are necessary. But PacBio reads 

are already being used to assemble small bacterial genomes, for which the total quantity of sequencing 

required is low185, and the resulting assemblies are of high quality186. PacBio sequencing can also be 

used to improve the contiguity and completeness of existing de novo assemblies187. The ability of long 

reads to reach into difficult-to-assemble genomic regions, such as telomeres, centromeres, and complex 

rearrangements, promises to produce more complete assemblies of large genomes than ever before over 

the next few years94. 

It is worth emphasizing that the use of longer reads in de novo genome assembly is by no means 

redundant with the method I have developed to apply Hi-C sequencing to genome scaffolding (see 

Chapter 3). These approaches work at different contiguity ranges: long reads provide high-resolution 

sequence contiguity in the range of 100-10,000 bp, including difficult-to-assemble repeat regions, while 

Hi-C provides low-resolution but genome-wide contiguity. Either of these approaches, long shotgun reads 

or Hi-C scaffolding, would improve the quality of any assembly. However, using both approaches – 

sequencing long shotgun reads to create a de novo assembly, then creating a Hi-C library and using it to 

scaffold the assembly – would produce a very high-quality assembly with both long contigs and 

chromosome-scale contiguity! Note, however, that only the shotgun library will benefit from long-read 

sequencing, not the Hi-C library. Hi-C reads only need to be long enough to align unambiguously to the 

de novo assembly, and Illumina reads are suitable for this purpose, except in the rare case of large and 

repetitive genomic regions that cannot be assembled into contigs containing unique sequence. 

It is quite possible that shotgun sequencing with PacBio or another long-read sequencing technology, 

possibly abetted by a crosslinking-based approach such as Hi-C, will become the dominant approach to 

de novo genome assembly in a few years. I am hopeful that this will lead to a restoration of the high 
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quality standard, originally set by the Human Genome Project, for publication-quality genome assemblies. 

I also anticipate that it will enable yet more post-genomic biological analysis. 

 

6.5 Longer haplotypes 
 

Another straightforward application of longer reads is molecular phasing of haplotypes. There is great 

demand for a molecular phasing methodology that could be applied to human genomes cheaply and 

reliably. Illumina’s short reads cannot phase haplotypes on their own, for the simple reason that 

heterozygous SNVs are rarely close enough on the genome that a single short read will cover two or 

more of them. However, a long read such as produced by PacBio can easily cover many SNVs, and a 

sufficiently high-depth sequencing dataset could be applied directly into a standard haplotype phasing 

algorithm, such as the one I used in Chapter 5 of this dissertation103. Here as in the de novo assembly 

problem93, the high error rates of PacBio reads must be overcome with deeper sequencing depth in order 

to produce reliable base calls, but it can be done. Work from Jason Chin at Pacific Biosciences (in press) 

demonstrates that a sufficient depth of PacBio shotgun reads can be used to assemble both haplotypes 

of an Arabidopsis thaliana genome into a single string-based assembly, effectively performing de novo 

assembly and haplotype phasing simultaneously. If the cost of PacBio sequencing continues to decrease 

over the next few years, this could easily become a standard approach for molecular haplotype phasing. 

Long reads are not the only way to achieve haplotype phasing; short reads can do the trick as well, if 

accompanied by proper contiguity information. In Chapter 5 I illustrated the power of combining fosmid 

clone pools with short-read sequencing for haplotype phasing in the HeLa genome. Fosmids are 

expensive and time-consuming to create, but other library preparation technologies are showing promise. 

An alternative method, developed in part by my colleague Andrew Adey, achieves haplotype resolution in 

human genomes via Tn5 transposition and combinatorial indexing188. Additionally, in a paper126 published 

concurrently with my publication of the Lachesis method, it was demonstrated that Hi-C can provide long-

range haplotype resolution. I foresee a near future in which molecular phasing methods become 
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sufficiently cost-effective and reliable so as to overtake statistical phasing methods for many applications 

in human genomics. 

 

6.6 More complete gene pools 
 

At the 2014 AGBT conference in Marco Island, Paul Blainey announced a prediction: in the future of 

sequencing, sample number would become a more important driver of discovery than sequencing depth. 

In other words, sequencing reads are now so inexpensive that any number of samples can be sequenced 

and analyzed at a reasonable price point, so long as the samples can be acquired and loaded into 

sequencing machines in a massively parallel fashion. 

Blainey’s prediction may sound bold, but it seems entirely reasonable in light of the current state of 

human genomics research. Individuals’ genomes are being sequenced at a faster rate than ever before. 

The pages of Nature Genetics and the American Journal of Human Genetics are filled with genome-wide 

association studies (GWAS) and exome sequencing studies. As sequencing costs drop, whole-exome 

sequencing is gaining popularity over GWAS, and even whole-exome sequencing is starting to be 

abandoned in favor of whole-genome sequencing, which captures a fuller range of non-coding variation. It 

is easy to imagine a future in which whole-genome sequencing is so cheap that it is performed as a 

matter of course on all individuals in developed countries, and its results are readily available to 

researchers performing association studies. These studies gain increases in statistical power not by 

sequencing people to greater depth – their genotype calls are already reasonably high-quality – but by 

sequencing as many people as possible189. There is thus enormous pressure on sequencing and 

bioinformatics pipelines to handle ever-larger sample numbers, and per Blainey’s prediction, that 

pressure will only increase. This will lead to new developments in high-throughput sample preparation, 

such as improvements in microfluidics and barcode multiplexing. 

This massive increase in sample number has influenced cancer research as well. Thanks in part to the 

efforts of The Cancer Genome Atlas (TCGA), the number of cancer genomes sequenced has increased 
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prodigiously in recent years190, and this trend is certain to continue. The numbers for cancer genomes are 

not as high as in association studies: while a GWAS might require 10,000 individuals or more in order to 

establish statistically significant associations, a cancer genome study can implicate driver genes and 

pathways with only tens or hundreds of genomes191. TCGA and other consortia have performed genome 

sequencing studies for every major cancer type and have identified large numbers of likely driver genes 

and mutations. The next great challenge in cancer genomics will be to develop high-throughput methods 

for annotating these genes and predicting their likely functional effects192. It is worth noting that these 

methods will be hindered by the lack of haplotype phasing analyses in these sequencing studies, which 

makes it impossible to determine the functional effects of compound heterozygotes. Notwithstanding our 

efforts on the HeLa genome, there is still no cost-effective or scalable method of genome-wide haplotype 

phasing in cancer genomes. A method of this type is urgently needed to enable more complete functional 

analyses of cancer genomes. 

 

6.7 More complete pan-genomes 
 

There is vast genetic variation within the human race, but it is dwarfed by the massive degree of genetic 

variation within microbial species, particularly bacteria. Bacteria are capable of gain or loss of individual 

genes rapidly, due to their short generation times and their capacity for horizontal gene transfer. This is 

why, within a single bacterial species, there is great inter-strain variation not merely in the form of SNVs 

or CNVs, but in fundamental gene content. One standard indicator of bacterial species divergence is an 

average nucleotide identity (ANI) of 95% or less193. (This allows very different organisms to be lumped 

together into the same species: if the 95% threshold were applied to humans, it would place us in the 

same species as all other catarrhine primates194!)  Characterizing bacterial genome variation is imperative 

to understanding the growing problem of bacterial antibiotic resistance, as well as to efforts to discover 

new natural products such as antibiotics and engineered communities for biofuels and bioremediation 

applications. 
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The set of all genes that may be present in strains of a given species is referred to as that species’ “pan-

genome”195. In bacterial species with wide geographic distributions, the pan-genome may be quite large. 

For example, E. coli, the workhorse of bacterial genetics, is known to have a pan-genome several times 

larger than the genome of any one strain196. 

The only way to characterize the pan-genome of a bacterial species is to sequence as many isolates as 

possible, assemble their genomes de novo, and compare their genomes’ gene content. Thanks to falling 

sequencing costs and a renewed appreciation of the importance of bacterial genome variation, the 

number of pan-genome sequencing studies is on the rise. My colleagues Steve Salipante and David 

Roach have recently led an effort197 to sequence 312 pathogenic E. coli strains isolated from nosocomial 

infections in an ICU. They characterize the E. coli pan-genome and demonstrate that it is even larger than 

previously appreciated. I am currently collaborating with them on another ongoing project to sequence 

ICU isolates of a wider variety of pathogenic species (manuscript in preparation). We are finding that 

certain bacterial species such as Rothia mucilaginosa are like E. coli in that they have much more inter-

species variation waiting to be discovered, while other species such as Staphylococcus aureus seem to 

have relatively small pan-genomes. These findings have lessons for treating and containing bacterial 

infections. 

 

6.8 New microbial species 
 

If the amount of variation within a bacterial species seems vast, it is still minuscule compared to the 

amount of variation between bacterial species. The bacterial kingdom harbors far vaster genetic variation 

than any other kingdom of life. New bacterial phyla are still being discovered regularly138, and there are no 

doubt many others still waiting to be discovered. However, the challenge of unculturable microbial 

species hinders our understanding of the full scope of bacterial diversity. It is estimated198 that fewer than 

1% of bacterial species can be cultivated in isolation from the environments in which they naturally occur. 

There is ongoing debate about whether we could increase this number somewhat by expanding our 
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range of cell culturing techniques, but it is clear that most microbial species cannot be studied by culturing 

– and in any event, this process unavoidably changes their genomes via selective pressures. A more 

straightforward approach for studying these bacteria’s genomes would be to sequence the cells directly. It 

is possible to sequence the genomes of bacteria without culturing them through the use of single-cell 

sequencing techniques138, but these methods are expensive and do not provide complete genome 

coverage. An ideal approach would be to sequence the genomes of the entire community simultaneously 

and then deconvolute the individual species from the metagenome assembly. 

Various computational methods have been developed to achieve metagenomic deconvolution, but the 

method I have developed with my colleague Ivan Liachko (see Chapter 4) represents the first 

development of a library preparation method for the purpose of metagenomic deconvolution, and it has 

greater power to resolve individual genomes. I believe deeply that this is an exciting next step in 

metagenomics and that any researcher who studies microbial communities of any type should consider 

applying it to their samples. To that end, Ivan and I are currently engaged in several collaborations to 

sequence metagenomic samples, and we are preparing manuscripts for two of these collaborations that 

will demonstrate the value of our method. 

Whether or not I am personally responsible, I anticipate that molecular techniques for metagenomic 

deconvolution will soon become widely accepted and will lead to the discovery of vast new troves of 

microbial diversity. Untold numbers of unknown species are living all around us, as well as inside us, and 

are waiting to become visible to science. It is my earnest hope that these methods will give us a greater 

understanding of these microbes and a fuller picture of the tree of life on this planet. 

 

6.9 Conclusion 
 

In this dissertation I have described new methods for resolving the haplotypes of human genomes and for 

the de novo assembly of genomes of all sizes. I have introduced the first haplotype-resolved cancer 

genome, the first mammalian genome assembly with chromosome-scale contiguity assembled from short 
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reads, and the first high-contiguity microbial genomes assembled from a metagenomic mixture. None of 

these methods is complete or conclusive; more work needs to be done to improve their effectiveness as 

well as to apply them to new cases. However, I hope that these methods will enable future researchers to 

achieve new understanding of the endless diversity of genomic life. 
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APPENDIX A: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 3 

 

 

The material in this Appendix, like that of Chapter 3, is based on the following peer -reviewed 

publication97: 

 

Joshua N. Burton, Andrew Adey, Rupali P. Patwardhan, Ruolan Qiu, Jacob O. Kitzman and Jay 

Shendure. Chromosome-scale scaffolding of de novo genome assemblies based on chromatin 

interactions. Nature Biotechnology 31, 1119-1125 (2013). 

 

Supplementary methods are in section A.1. Supplementary tables are in section A.2. Supplementary 

figures are in section A.3. 
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A.1 Supplementary methods for Chapter 3 
  

Input data sets. In the Hi-C procedure98, DNA in a nucleus is cross-linked, then cut with a restriction 

enzyme, leaving pairs of distally located but physically associated DNA molecules attached to one 

another. The sticky ends of these fragments are biotinylated and then ligated to each other to form 

chimeric circles. Biotinylated circles are enriched for, sheared again, and then processed to sequencing 

libraries in which individual templates are chimeras of the physically associated DNA molecules from the 

original cross-linking. 

Four Hi-C data sets were used, corresponding to human cells, mouse cells, Drosophila tissue and HeLa 

cells. The human data set was produced from human ESCs (hESCs)115. The hESC replicates 1 and 2 

were used (NCBI SRA accessions: GSM862723, GSM892306) for a total of 734 M read-pairs. The mouse 

data set was produced from mouse ESCs (mESCs)115. The mESC replicates 1 and 2 were used (NCBI 

SRA accessions: GSM862720, GSM862721) for a total of 806 M read-pairs. The Drosophila data set was 

produced from embryos118 and includes 363 M read-pairs (NCBI SRA accession: SRX111555). The HeLa 

data set was produced as part of this study (see “Chromosome Fusion Detection in HeLa”, below) and 

includes 305 M read-pairs. 

Two types of shotgun assemblies were created as inputs to LACHESIS. First, we created shotgun 

assemblies for human, mouse and Drosophila by downloading the appropriate sequence libraries from 

SRA and assembling them with ALLPATHS-LG. Table 3.1 shows statistics for these three assemblies. 

Second, simulated shotgun assemblies were made by breaking up the human reference genome into 

contigs of varying sizes, ranging from 10 Kb to 1 Mb. Table 3.2 shows statistics for these assemblies. 

Shotgun assemblies. To create the human shotgun assembly, we downloaded the sequence files67 

corresponding to the fragment library and two short jumping libraries for individual NA12878 from the 

NCBI Short Read Archive (NCBI SRA accession SRA024407). The files were converted from sra to fastq 

format, and formatted as required by the ALLPATHS-LG assembler using the PrepareAllPathsInputs.pl 

script included with the ALLPATHS-LG distribution. The reads were assembled using the ALLPATHS-LG 
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assembler67 (version r41985) with the following parameters (the rest being default): HAPLOIDIFY = 

TRUE, MAX_MEMORY_GB = 400, THREADS = 32, EVALUATION = STANDARD. Insert size estimates 

(mean and s.d.) for each library were specified based on the values provided previously67. Scaffolds in 

this assembly were treated as contigs by LACHESIS. Because we intentionally excluded fosmid end 

sequencing data, this assembly had far less mid-range contiguity than the full de novo assembly 

produced previously67 (N50 scaffold length 437 Kb versus 11.5 Mb), and thus it more closely represents a 

typical de novo assembly created exclusively from in vitro libraries. 

To create the mouse shotgun assembly, we downloaded the sequence files67 corresponding to the 

fragment and three short jumping libraries from the NCBI Short Read Archive (NCBI SRA accession 

SRA009956). The libraries were assembled using the ALLPATHS-LG assembler67 (version r41985) with 

the following parameters (the rest being default): HAPLOIDIFY = TRUE, MAX_MEMORY_GB = 500, 

THREADS = 32. Insert size estimates (mean and s.d.) for each library were specified based on the values 

provided previously67. 

To create the Drosophila shotgun assembly, we downloaded the sequence files for Drosophila(Drosophila 

Genomic Reference Panel117 corresponding to sequencing runs SRR516038 (Sample DGRP-348) and 

SRR516001 (Sample DGRP-821) from the NCBI Short Read Archive. SRR516038 served as the 

“fragment” library as per ALLPATHS-LG terminology. The ALLPATHS-LG assembler also requires a 

“jumping” library. We were unable to find a previously sequenced jumping library for Drosophila. As a 

work-around, we used a standard shotgun library with a slightly higher insert size (SRR516001) and 

artificially converted it into a jumping library by flipping the orientation of reads. All files were first 

converted from sra to fastq format, then formatted as required by the ALLPATHS-LG assembler using the 

PrepareAllPathsInputs.pl script included with the ALLPATHS-LG distribution. Insert size distributions for 

these libraries (mean = 205 bp, s.d. = 25 bp for fragment library; mean = 320 bp, s.d. = 52 bp for jumping 

library) were obtained by aligning a subset of reads to the Drosophila reference genome using BWA199. 

The reads were assembled using the ALLPATHS-LG assembler67 (version r41985) with the following 

parameters (the rest being default): HAPLOIDIFY = TRUE, MAX_MEMORY_GB = 300, THREADS = 16, 

VAPI_WARN_ONLY = True. 
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Aligning Hi-C reads. Hi-C reads were aligned to shotgun assemblies or reference genomes using BWA199 

with default parameters. Reads were considered artifactual if they did not align within 500 bp of a 

restriction site, as recommended116. Non-uniquely aligning reads were assigned a mapping quality of 0 by 

BWA and were excluded from subsequent analysis. Additionally, read-pairs were considered for 

downstream analysis only if both reads in the pair aligned to contigs from the assembly. 

Clustering contigs or scaffolds into chromosome groups. Contigs or scaffolds (the term ‘contig’ is used in 

this description of the method to indicate both possibilities) were placed into groups using hierarchical 

clustering (Figure A.3.1). A graph was built, with each node initially representing one contig, and each 

edge between nodes having a weight equal to the number of Hi-C read-pairs linking the two contigs. The 

contigs were merged together using hierarchical agglomerative clustering with an average-linkage 

metric114, which was applied until the number of groups was reduced to the expected number of distinct 

chromosomes (counting only groups with more than one contig). Repetitive contigs (contigs whose 

average link density with other contigs, normalized by number of restriction fragment sites, was greater 

than two times the average link density) and contigs with too few restriction fragment sites (<5 for the 

simulated human assembly; <25 for the human and mouse de novo assemblies; <250 for the Drosophila 

assembly) were not clustered. However, after clustering, each of these contigs was assigned to a group if 

its average link density with that group was greater than four times its average link densities with any 

other group. 

Ordering contigs or scaffolds within chromosome groups. Each group of contigs or scaffolds (the term 

‘contig’ is used in this description of the method to indicate both possibilities) was ordered using the 

following algorithm (Figure A.3.2). First, a graph was built as in the clustering step, but with the edge 

weights between nodes equal to the inverse of the number of Hi-C links between the contigs, normalized 

by the number of restriction fragment sites per contig. Short contigs (<5 restriction fragment sites for the 

simulated human assemblies; <20 sites for the human and mouse de novo assemblies; <20 Kb for the 

Drosophila de novo assembly) were excluded from this graph. A minimum spanning tree was calculated 

for this graph. The longest path in this tree, the “trunk”, was found. The spanning tree was then modified 
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so as to lengthen the trunk by adding to it contigs adjacent to the trunk, in ways that kept the total edge 

weight heuristically low. 

After a lengthened trunk was found for each group, it was converted into a full ordering as follows. The 

trunk was removed from the spanning tree, leaving a set of “branches” containing all contigs not in the 

trunk. These branches were reinserted into the trunk, the longest branches first, with the insertion sites 

chosen so as to maximize the number of links between adjacent contigs in the ordering. Short fragments 

(<5 restriction fragment sites for the simulated human assemblies; <20 sites for the human and mouse de 

novo assemblies; <40 Kb for the Drosophila de novo assembly) were not reinserted; as a result, many 

small contigs that were clustered were left out of the final LACHESIS assembly. 

Orienting contigs or scaffolds. The orientation of each contig or scaffold (the term ‘contig’ is used in this 

description of the method to indicate both possibilities) within its ordering was determined by taking into 

account the exact position of the Hi-C link alignments on each contig (Figure A.3.3). It was assumed that, 

as demonstrated in previous Hi-C studies98, the likelihood of a Hi-C link connecting two reads at a 

genomic distance of x is roughly 1/x for x ≥ ~100 Kb. A weighted, directed, acyclic graph (WDAG) was 

built representing all possible ways to orient the contigs in the given order. Each edge in the WDAG 

corresponded to a pair of adjacent contigs in one of their four possible combined orientations, and the 

edge weight was set to the log-likelihood of observing the set of Hi-C link distances between the two 

contigs, assuming they were immediately adjacent with the given orientation. 

For each contig, a quality score for its orientation was calculated as follows. The log-likelihood of the 

observed set of Hi-C links between this contig, in its current orientation, and its neighbors, was found. 

Then the contig was flipped and the log-likelihood was calculated again. The first log-likelihood was 

guaranteed to be higher because of how the orientations were calculated. The difference between the 

log-likelihoods was taken as a quality score. 

Validation. To determine the true position of the contigs or scaffolds in the shotgun assemblies, we 

aligned them to the human, mouse or Drosophila reference genome using BLASTn200 with parameters `-

perc_identity 99 -evalue 100 -word_size 50`. For each contig, a “truth placement” on reference was 
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derived as follows. First, the chromosome was chosen containing the plurality of aligned sequence from 

the contig. Second, the single best alignment to this chromosome (measured by E-value) was used to 

“seed” a chromosomal region. Third, the other alignments to this chromosome were considered by 

descending E-value, and the region was extended to include as many of them as possible without 

exceeding the total length of the assembly contig. 

Chromosome fusion detection in HeLa. A single, complex Hi-C library was constructed for the HeLa S3 

cancer cell line (ATCC CCL2.2; grown in DMEM with 10% FBS and 1× Pen. Strep.) according to a 

published201 protocol. This library was sequenced on two lanes of Illumina HiSeq 2000, followed by read 

trimming to 50 bp to eliminate ligation-spanning reads that confound alignment. Reads were aligned to 

the human reference genome using BWA199 with default parameters, followed by removal of PCR 

duplicates. Reads were then assigned to genomic windows containing approximately one megabase of 

sequence (mean = 955,176 bp) that were determined by bases of unique mappability to the genome. 

Links between windows were normalized first to the number of HindIII restriction sites present in the 

window to account for biases inherent to restriction-based library preparation, then to the total count of 

short pairs within the window (defined as pairs with an insert size ≤1 Kb) to account for the underlying 

copy number of the window. 

Rearrangements were called by first identifying stretches of ≥10 consecutive windows within a row where 

≥80% of windows have a link score ≥1 s.d. above the mean of the entire row. Stretches of windows 

present in columns were called using the same parameters. Windows present in outlier stretches for both 

rows and columns were defined as outlier windows. These windows were then clustered with all proximal 

windows ≤2 windows away and the outlier window count and density within the outer borders of the 

cluster determined. Outlier spans and clusters are shown in Figure A.2.12. 

  



  

A.2 Supplementary tables for 
  

Table A.2.1 | Metrics for the LACHESIS

Table 3.1. Results for the human de novo
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Supplementary tables for Chapter 3 

LACHESIS scaffolding results. This is a more detailed version of 

de novo assembly exclude the chimeric group not shown in 

This is a more detailed version of 

assembly exclude the chimeric group not shown in Figure 



  

  

Table A.2.2 | Contents of LACHESIS

For each of the 23 groups, there is a “dominant 

the plurality of alignable sequence aligns. This chart shows what fraction of the scaffold length in 

each ordering aligns to the dominant chromosome, to other chromosomes, or to no chromosomes. 

The last row corresponds to the small, chimeric chromosome group described in the main text.
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LACHESIS’ orderings in the human de novo assembly (Figure 3.3). 

For each of the 23 groups, there is a “dominant chromosome” in the reference genome to which 

the plurality of alignable sequence aligns. This chart shows what fraction of the scaffold length in 

each ordering aligns to the dominant chromosome, to other chromosomes, or to no chromosomes. 

esponds to the small, chimeric chromosome group described in the main text.

assembly (Figure 3.3). 

chromosome” in the reference genome to which 

the plurality of alignable sequence aligns. This chart shows what fraction of the scaffold length in 

each ordering aligns to the dominant chromosome, to other chromosomes, or to no chromosomes. 

esponds to the small, chimeric chromosome group described in the main text. 



  

  

Table A.2.3 | Enrichment of repetitive sequences in error

genomic regions corresponding to several different types of repetitive sequence elements 

were downloaded from the UCSC Genome Browser (

scaffold in the human de novo 

extracted around each of its ends. These edge regions were then 

repeat elements. The enrichment shown for each type of repeat element is the ratio of the 

frequency with which that element co

marked with ordering errors, divided by the frequency with wh

ends of one of the 7,604 scaffolds not marked with ordering errors.
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Table A.2.3 | Enrichment of repetitive sequences in error-prone regions. 

genomic regions corresponding to several different types of repetitive sequence elements 

downloaded from the UCSC Genome Browser (http://genome.ucsc.edu). For each 

 assembly created by LACHESIS, a 5 Kb region was 

extracted around each of its ends. These edge regions were then overlapped with the 

repeat elements. The enrichment shown for each type of repeat element is the ratio of the 

frequency with which that element co-occurs with the ends of one of the 61 scaffolds 

marked with ordering errors, divided by the frequency with which it co-occurs with the 

ends of one of the 7,604 scaffolds not marked with ordering errors. 

prone regions. Human 

genomic regions corresponding to several different types of repetitive sequence elements 

). For each 

, a 5 Kb region was 

overlapped with the 

repeat elements. The enrichment shown for each type of repeat element is the ratio of the 

occurs with the ends of one of the 61 scaffolds 

occurs with the 



  

  

Table A.2.4 | Contents of LACHESIS

(Figure A.3.7). For each of the 20 groups, there is a “dominant chromosome” in th

reference genome to which the plurality of alignable sequence aligns. This chart 

shows what fraction of the scaffold length in each ordering aligns to the dominant 

chromosome, to other chromosomes, or to no chromosomes.
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LACHESIS’ orderings in the mouse de novo assembly 

For each of the 20 groups, there is a “dominant chromosome” in th

reference genome to which the plurality of alignable sequence aligns. This chart 

shows what fraction of the scaffold length in each ordering aligns to the dominant 

chromosome, to other chromosomes, or to no chromosomes. 

assembly 

For each of the 20 groups, there is a “dominant chromosome” in the 

reference genome to which the plurality of alignable sequence aligns. This chart 

shows what fraction of the scaffold length in each ordering aligns to the dominant 



  

  

Table A.2.5 | Contents of LACHESIS

(Figure A.3.9). For each of the four groups, there is a “dominant chromosome” in the 

reference genome to which the majority of euchromatic sequence aligns. This chart shows 

what fraction of the contig length in each ordering aligns to the dominant chromosome, to 

other chromosomes, or to no euchromatic chromosome. Note that a substantial fraction of the 

D. melanogaster assembly may consist of heterochromatic sequences as it does not align to 

the four euchromatic chromosomes of the reference assembly.
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CHESIS’ orderings in the D. melanogaster de novo

For each of the four groups, there is a “dominant chromosome” in the 

reference genome to which the majority of euchromatic sequence aligns. This chart shows 

what fraction of the contig length in each ordering aligns to the dominant chromosome, to 

omosomes, or to no euchromatic chromosome. Note that a substantial fraction of the 

assembly may consist of heterochromatic sequences as it does not align to 

the four euchromatic chromosomes of the reference assembly. 

de novo assembly 

For each of the four groups, there is a “dominant chromosome” in the 

reference genome to which the majority of euchromatic sequence aligns. This chart shows 

what fraction of the contig length in each ordering aligns to the dominant chromosome, to 

omosomes, or to no euchromatic chromosome. Note that a substantial fraction of the 

assembly may consist of heterochromatic sequences as it does not align to 



  

  

Table A.2.6 | The effect of Hi-

LACHESIS was provided with varying quantities of Hi

scaffold the shotgun human assembly. As read coverage increased, the total amount of 

sequence placed by LACHESI

significantly. The bottom row describes the same assembly as in 

Table A.2.2. 
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-C down-sampling on LACHESIS assembly quality. 

was provided with varying quantities of Hi-C read coverage with which to 

scaffold the shotgun human assembly. As read coverage increased, the total amount of 

LACHESIS increased slightly, while error rates decreased 

significantly. The bottom row describes the same assembly as in Figure 3.2a, 3.2b

assembly quality. 

C read coverage with which to 

scaffold the shotgun human assembly. As read coverage increased, the total amount of 

increased slightly, while error rates decreased 

Figure 3.2a, 3.2b and 
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A.3 Supplementary figures for Chapter 3 
  

Figure A.3.1 | An illustrated overview of the LACHESIS clustering algorithm. a. An assembly 

consisting of five contigs, which in truth belong to two chromosomes (green and blue). Hi-C links 

between the contigs are shown as black dotted lines, with thicker lines indicating higher normalized 

link density. b. The agglomerative hierarchical clustering algorithm begins. The two contigs sharing 

the highest normalized link density are merged together to create a cluster (gray oval). The new link 

densities between this cluster and each other contig (orange dotted lines) are calculated as the average 

(normalized) linkage between the two contigs in this cluster and the other contig. c. Again, the two 

contigs sharing the highest normalized link density are merged to create a cluster. New average link 

densities are calculated (orange dotted lines); note that the link density between the two multi-contig 

clusters is the average of four original link densities. d. Another merge. The user-specified limit of two 

clusters has been reached, so the algorithm is complete. It has correctly found groups for each 

chromosome. 
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Figure A.3.2 | An illustrated overview of the LACHESIS ordering algorithm. a. A group of contigs 

depicted as a graph. Each blue vertex indicates a contig, and the edges between vertices indicate 

normalized Hi-C link densities (for clarity, edges are not shown between all pairs of contigs). b. A 

spanning tree (a set of edges that connects all vertices with no loops) is found (green edges). The edges 

of the spanning tree are chosen to have the maximum possible link densities. Short contigs (dark 

brown dots) are not included in the spanning tree. c. The longest path in the spanning tree (magenta 

dots, orange edges) is found. This path constitutes the “trunk”, an initial contig ordering with high 

accuracy but low completeness. d. The trunk is removed from the spanning tree, leaving a set of 

vertices and edges called “branches”, many of which consist of a single isolated vertex. e. Lastly, the 

branches are considered for reinsertion into the trunk at all possible positions and orientations. Each 

possible reinsertion site is given a “score” equal to the sum of the reciprocals of all link distances. Very 

short branches are not reinserted. f. The final contig ordering. 
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Figure A.3.3 | An illustrated overview of the LACHESIS orienting algorithm. a. A pair of contigs 

connected by several Hi-C links, with the exact location of the aligned Hi-C reads shown (orange 

dotted lines). All of the reads in these links are localized to one end of each contig, which suggests that 

the contigs should be placed in the orientation shown; any other orientation would increase the 

perceived length of the links. Note that this is the only time LACHESIS uses the exact location of the 

reads in a Hi-C link, as opposed to the mere fact of a link between two contigs. b. An ordering of four 

contigs A,B,C,D, with arbitrary initial orientations. The exact locations of the Hi-C read alignments 

between adjacent contigs are shown (for clarity, only one link per adjacency is shown). c. A weighted 

directed acyclic graph (WDAG) describing all possible ways in which these four contigs could be 

ordered. The edges exiting the start node and entering the end note all have the same weight. The edge 

weights between each pair of contigs (arrows) are set to the log-likelihoods of observing the Hi-C links 

between those two contigs in the two orientations, given that longer links are less likely; larger 

numbers (thicker arrows) indicate more likely orientations. The likeliest path through the WDAG 

(magenta arrows) is shown. The orientation quality score is calculated as the differential to the log-

likelihood caused by choosing a particular orientation; for example, for contig B, the log-likelihood is 

the difference between the weights of the magenta arrows entering and leaving node B
fw

 and the 

weights of the alternative nodes entering and leaving B
rc
 (dark green arrows). d. The contig 

orientations corresponding to the likeliest path found in c. 
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Figure A.3.4 (page 1 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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True position on chromosome (Mb) 

chr5 
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146 
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Derived ordering (Mb) 

Figure A.3.4 (page 2 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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Figure A.3.4 (page 3 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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Figure A.3.4 (page 4 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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True position on chromosome (Mb) 
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Figure A.3.4 (page 5 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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Figure A.3.4 (page 6 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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Figure A.3.4 (page 7 of 7) | LACHESIS ordering and orienting results on the 23 groups of 

scaffolds in the human de novo assembly. Listed in each panel are the identity of the dominant 

chromosome, the number of scaffolds in the derived ordering, and the reference length of the dominant 

chromosome. These plots are larger versions of the plots in Figure 3.3. w, the chimeric group not 

shown in Figure 3.3, showing the small region on chromosome 16 that constitutes the dominant 

chromosome for this group. 
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Figure A.3.5 | Scaffolds associated with ordering errors tend to be shorter than correctly ordered 

scaffolds. A histogram of the lengths of all scaffolds in the de novo human assembly which LACHESIS 

places in orderings and which map to the human reference. Scaffolds marked with ordering errors are 

shown in red; all other scaffolds are shown in blue. For clarity, six scaffolds of length >250 Kbp (none 

of which have ordering errors) are not shown.  
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Figure A.3.6 | Example of LACHESIS assembly errors due to long-range chromatin interactions. 

Shown are three heatmaps of the density of Hi-C links between scaffolds of the de novo human 

assembly for chromosome 7. Only mapping contigs of length ≥10 Kb are shown. a. The scaffolds are 

ordered on both axes by their true position on chromosome 7. Note the presence of large domains with 

long-range internal interactions (squares along diagonal). b. The scaffolds are ordered on both axes by 

their position in the LACHESIS ordering in the group corresponding to chromosome 7. c. The scaffolds 

are ordered on the x-axis by their true position, and on the y-axis by their position in the LACHESIS 

ordering, revealing incorrect fusions of domains. Compare to Figure A.3.4g. 
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Figure A.3.7 (page 1 of 5) | LACHESIS ordering and orienting results on the 20 groups of 

scaffolds in the mouse de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.4). Listed in each panel are the identity of the dominant chromosome, the number of 

scaffolds in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.7 (page 2 of 5) | LACHESIS ordering and orienting results on the 20 groups of 

scaffolds in the mouse de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.4). Listed in each panel are the identity of the dominant chromosome, the number of 

scaffolds in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.7 (page 3 of 5) | LACHESIS ordering and orienting results on the 20 groups of 

scaffolds in the mouse de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.4). Listed in each panel are the identity of the dominant chromosome, the number of 

scaffolds in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.7 (page 4 of 5) | LACHESIS ordering and orienting results on the 20 groups of 

scaffolds in the mouse de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.4). Listed in each panel are the identity of the dominant chromosome, the number of 

scaffolds in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.7 (page 5 of 5) | LACHESIS ordering and orienting results on the 20 groups of 

scaffolds in the mouse de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.4). Listed in each panel are the identity of the dominant chromosome, the number of 

scaffolds in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.8 | LACHESIS clustering results on the Drosophila de novo assembly. Shown on the x-

axis are the 301 contigs (of 4,568 total contigs; total length: 43.8 Mb) that are long (≥250 GATC 

restriction sites) and not repetitive (Hi-C link density less than 2 times average), which LACHESIS 

used as informative for clustering. The y-axis shows the four groups created by LACHESIS, with the 

order chosen for the purposes of clarity. Each contig is shown as a dot, with a color indicating the 

chromosome to which the contig truly aligns, including the chromosome arm in the case of 

chromosomes 2 and 3. 
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Figure A.3.9 (page 1 of 4) | LACHESIS ordering and orienting results on the 4 groups of contigs 

in the Drosophila de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.5). Also listed in each panel are the identity of the dominant chromosome, the number of 

contigs in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.9 (page 2 of 4) | LACHESIS ordering and orienting results on the 4 groups of contigs 

in the Drosophila de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.5). Also listed in each panel are the identity of the dominant chromosome, the number of 

contigs in the derived ordering, and the reference length of the dominant chromosome. 



113 
   

  
c 

chr2L 

n = 88 

23.0 Mb 

chr2R 

n = 140 

21.1 Mb 

True position on chromosome (Mb) 

Derived ordering (Mb) 

Figure A.3.9 (page 3 of 4) | LACHESIS ordering and orienting results on the 4 groups of contigs 

in the Drosophila de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.5). Also listed in each panel are the identity of the dominant chromosome, the number of 

contigs in the derived ordering, and the reference length of the dominant chromosome. 
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Figure A.3.9 (page 4 of 4) | LACHESIS ordering and orienting results on the 4 groups of contigs 

in the Drosophila de novo assembly. For each ordering, only the contigs on the “dominant 

chromosome” – that is, the chromosome containing the plurality of aligned sequence – are shown (see 

Table A.2.5). Also listed in each panel are the identity of the dominant chromosome, the number of 

contigs in the derived ordering, and the reference length of the dominant chromosome. 



115 
   

  

Figure A.3.10 | LACHESIS clustering results on simulated 100 Kb contigs of the human 

reference genome. The human genome was split into simulated 100 Kb contigs and LACHESIS was 

used to cluster these contigs into groups. The 28,689 clustered contigs (total length: 2.87 Gb) are 

ordered on the x-axis in order of ascending chromosome number and then position on the chromosome. 

The y-axis represents the 24 groups created by LACHESIS, with the order chosen for the purposes of 

clarity. Each 100 Kb contig is shown as a dot, with a color indicating the chromosome on which it 

belongs. The color scheme is the standard SKY (spectral karyotyping) color scheme for human. Not 

shown are the 2,281 contigs (7.4%) not placed into groups due to lack of unique sequence content, 

mostly corresponding to centromeres. 
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Figure A.3.11 (page 1 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 
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Figure A.3.11 (page 2 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 
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Figure A.3.11 (page 3 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 



119 
   

  

Derived ordering (Mb) 

True position on chromosome (Mb) 

chr13 

n = 957 

115 

chr14 

n = 890 

107 Mb 

chr15 

n = 818 

103 

chr16 

n = 783 

90 Mb 

m n 

o p 

Figure A.3.11 (page 4 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 
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Figure A.3.11 (page 5 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 
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Figure A.3.11 (page 6 of 6) | LACHESIS ordering and orienting results on all 23 groups of 

simulated 100 Kb contigs in the human reference genome. Listed in each panel are the identity of 

the dominant chromosome, the number of contigs in the derived ordering, and the reference length of 

the dominant chromosome. 
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a b 

Figure A.3.12 | Using Hi-C to detect interchromosomal rearrangements in HeLa with high 

sensitivity. In the top left half of each image, blue horizontal lines represent outlying stretches of link 

scores with ≥10 windows, of which ≥80% of windows are ≥1 standard deviation above the mean of the 

row. Likewise, vertical red lines represent similar outlying stretches with respect to columns. Windows 

called as both row and column outliers are designated “outlier windows”. Regions with excessive 

outlier stretch calls (e.g., chromosome 5p) are only called as rows or columns and not likely both, thus 

reducing noise from globally high-scoring regions of the genome. Outlier window points are then 

clustered and called as potential fusions (purple boxes) and scored according to the density of outlier 

points within the window. a. An inclusive approach yields 100% sensitivity for detecting previously 

identified marker chromosomes, but only 8% specificity (assuming no additional marker chromosomes 

beyond those previously identified). False positive calls are largely due to increased interchromosomal 

contact among the smaller, gene-rich chromosomes, known to occur in healthy cells. b. Specificity can 

be increased by filtering based on cluster area. Specificity increases to 31% but sensitivity drops to 

92%, with a bias towards rearrangements involving larger chromosomes or large regions of 

chromosomes. 
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Figure A.3.13 | Difficulty of calling the number of chromosomes from Hi-C link data alone. At 

each step of the LACHESIS clustering algorithm, the two clusters with the highest average link density 

are found and merged (Figure A.3.1). x-axis, the final 30 merges; y-axis, average link densities of each 

merge. The average link density decreases monotonically as merges are made. In practice, merging 

stops when a predetermined number of clusters is reached (blue line); importantly, this number is 

determined from a priori knowledge of the chromosome number rather than from the link densities 

shown here. a. The human simulated assembly with 100 Kb bins. b. The human de novo assembly. 

Note that the first several merges beyond n = 23, corresponding to fusions of the small chromosomes, 

have fairly high link densities. c. The mouse de novo assembly. d. The Drosophila de novo assembly. 

Note that the link densities imply n = 6, corresponding to a split of the arms of fly chromosomes 2 and 

3, is a better solution than n = 4. 

Average link density between clusters being merged 

Final 30 merges (n = 31 down to n = 1) 

n = 23 

a 

n = 20 

c d 

b 

n = 4 

n = 24 
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APPENDIX B: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 4 

 

 

The material in this Appendix, like that of Chapter 4, is based on the following peer-reviewed 

publication99: 

 

Joshua N. Burton, Ivan Liachko, Maitreya J. Dunham and Jay Shendure. Species-Level Deconvolution 

of Metagenome Assemblies with Hi-C–Based Contact Probability Maps. G3: Genes | Genomes | Genetics 

4(7), 1339-1346 (2014). 

Boldface indicates authors who contributed equally to this work. 

 

Supplementary methods are in section B.1. Supplementary tables are in section B.2. Supplementary 

figures are in section B.3. 
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B.1 Supplementary methods for Chapter 4 
 

Sample collection. Cultures of individual strains listed in Table 4.1, Table C.2.1 (M-Y) and Table C.2.2 (M-

3D) were grown to saturation in rich media (YPD for yeasts, LB for bacteria, McCas media for M. 

maripaludis, PMsul media for R. palustris). Culture densities were measured by spectrophotometry and 

FACS. After mixing the strains, cultures were diluted with YPD media (M-Y) or with LB media (M-3D) to a 

final OD600 of 1.0 in a final volume of 500 mL. Formaldehyde was added to a final concentration of 1% 

and cultures were incubated at room temperature for 30 min. To quench the crosslinker, 5 g of glycine 

was added to each 500 mL of culture, and the cultures were incubated for 30 min at room temperature. 

Cultures were centrifuged to pellet all cells. Cell pellets were frozen at −20° until further processi ng. 

Shotgun and mate-pair libraries. Total DNA was isolated from cultures using a standard 

phenol/chloroform glass bead purification followed by ethanol precipitation and subsequent cleanup using 

the DNA Clean and Concentrator-5 Kit (Zymo Research). Shotgun libraries were prepared using the 

Nextera DNA Sample Preparation Kit (Illumina). Mate-pair libraries were constructed using the Nextera 

Mate Pair Sample Preparation Kit (Illumina). 

Hi-C libraries. Cell pellets (∼100 µL volume each) were resuspended in 2 mL of 1× TBS buffer containing 

1% Triton-X and Protease Inhibitors (cOmplete, EDTA-free; Roche) and split equally into two separate 2-

mL tubes; 300–500 µL of 0.5-mm diameter glass beads were added to each tube and tubes were 

vortexed on the highest setting in four 5-min increments, each separated by 2-min incubations on ice. 

Lysate was transferred to fresh tubes. Crosslinked chromatin was recovered by centrifugation at 13 

KRPM in an accuSpin Micro17 centrifuge (Fisher) and rinsed with 1× TBS buffer. Chromatin from each 

tube was digested overnight with 100 units of either HindIII or NcoI restriction endonuclease (NEB) at 37° 

in a total volume of 200 µL. To enrich for long-range interactions (M-3D library only), digested chromatin 

was centrifuged for 10 min at 13 KRPM, rinsed in 200 µL of 1× NEBuffer 2 (NEB), centrifuged again, and 

resuspended in 200 µL of 1× NEBuffer 2 (NEB). Restriction fragment overhangs were filled in using 

biotinylated dCTP (Invitrogen) and Klenow (NEB) as described201. DNA concentration within the 

chromatin suspension was quantitated using the QuBit fluorometer (Invitrogen), and for each sample an 
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8-mL ligation reaction was set-up at a final DNA concentration of 0.5 ng/µL using T4 DNA Ligase (NEB). 

Ligation reactions were incubated at room temperature for 4 hr and then overnight at 70° to reverse 

crosslinks. DNA was purified using a standard phenol/chloroform purification followed by ethanol 

precipitation and resuspended in 600 µL of water with 1× NEBuffer 2 (NEB) and 1× BSA (NEB). To 

remove biotin from unligated DNA ends, 20 units of T4 Polymerase (NEB) were added to each 600 µL 

DNA sample and incubated at 25° for 10 min followed  by 12° for 1 hr. DNA was purified using the DNA 

Clean and Concentrator-5 Kit (Zymo Research). Illumina libraries were constructed as described201 using 

reagents from the Illumina Mate Pair Sample Preparation Kit. Paired-end sequencing was performed 

using the HiSeq and MiSeq Illumina platforms (Table 4.2). 

Draft metagenome assembly for M-Y and M-3D. To create draft metagenome assemblies for the synthetic 

samples, we assembled the fragment library using the IDBA-UD assembler86. We ran IDBA-UD with the –

read option set to the fragment reads and the following additional parameters: ‘–pre_correction –mink 20 

–maxk 60 –step 10’. We used the assembly in contig.fa rather than scaffold.fa to reduce the risk of false 

joins made at the scaffolding stage. 

Aligning Hi-C reads. We aligned the Hi-C reads to the draft metagenome assembly in a multi-step 

process. First, the reads were aligned using BWA199 with the option ’-n 0’, requiring a perfect match of the 

entire 100-bp read. For read pairs in which an alignment was not found for both reads, the reads were 

trimmed from 100 bp to 75 bp and were aligned using ’-n 0’ again. For read pairs in which alignment was 

still not found for both reads, the reads were trimmed to 50 bp and aligned using ’-n 0’ again. All read 

pairs for which no alignment was found were discarded from further analysis. Read pairs were also 

discarded if the reads did not both align within 500 bp of a restriction site, as recommended by Yaffe and 

Tanay116. 

Clustering contigs by species. To cluster the contigs of the draft metagenome assembly into individual 

species, we used a hybrid clustering algorithm. A graph was built, with each node representing one contig 

and each edge between nodes having a weight equal to the number of Hi-C read pairs linking the two 

contigs, normalized by the number of restriction sites on the contigs. Only the single largest component in 

the graph was used; the other components, generally comprising isolated contigs containing a small 
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fraction of the total sequence length, were discarded and the contigs were not clustered. Within this 

component, the Jarvis-Patrick nearest-neighbor clustering algorithm144 was applied with k = 100, 

removing some edges and reweighting all other edge weights by the frequency of their nodes’ shared 

nearest neighbors. This nearest-neighbor approach accounts for the likely possibility that the clusters 

representing each species will have different internal densities of Hi-C links due to species’ differing 

abundances in the sample or differing susceptibility to the cell lysis step of Hi-C. Finally, the nodes were 

merged together using hierarchical agglomerative clustering with an average-linkage metric114, which was 

applied until the number of clusters was reduced to the expected or predicted number of individual 

species (12 for M-Y, not including P. pastoris; 18 for M-3D). 

Scaffolding of genomic content within individual clusters. To scaffold the individual species’ genomes 

represented in each cluster of contigs, we aligned the Hi-C reads to these contigs and ran them through 

our Lachesis software97 to create chromosome-scale scaffolds. The number of chromosomes in each 

species (7 for K. wickerhamii202; 8 for S. stipitis203) was provided as an input to Lachesis. 

Validation. To determine the true species identity of the contigs in the draft metagenome assembly, we 

aligned them to a combined reference genome that included the reference genomes of all strains known 

to be in the metagenome sample (16 strains for M-Y; 18 species for M-3D). The alignment was performed 

by BLASTn200 with the following stringent parameters: ’-perc_identity 95 -evalue 1e-30 -word_size 50’. A 

contig was defined as aligning to a species if any alignment of the contig to the species’ reference 

genome was found; the placement of the alignment was ignored. 
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B.2 Supplementary tables for Chapter 4 
 

 

Table B.2.1: M-Y species list and abundances in sample. 
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Table B.2.2: M-3D species list and abundances in sample. 
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M-Y (total sequence length = 135206617) 

 Sequence clustered % clustered Seq misclustered % misclustered 

Main result 111112059 82.18% 922932 0.83% 

Bootstrap 1 111136126 82.20% 4146798 3.73% 

Bootstrap 2 111102736 82.17% 4500167 4.05% 

Bootstrap 3 111106339 82.18% 4655083 4.19% 

Bootstrap 4 111101816 82.17% 4389061 3.95% 

Bootstrap 5 111106542 82.18% 4425448 3.98% 

Bootstrap 6 111158559 82.21% 4356095 3.92% 

Bootstrap 7 111089140 82.16% 4173561 3.76% 

Bootstrap 8 110777343 81.93% 1294345 1.17% 

M-PE (total sequence length = 133169811) 

 Sequence clustered % clustered Seq misclustered % misclustered 

Main result 118841530 89.24% 461626 0.39% 

Bootstrap 1 117677687 88.37% 1748183 1.49% 

Bootstrap 2 117818421 88.47% 737953 0.63% 

Bootstrap 3 117636660 88.34% 1834184 1.56% 

Bootstrap 4 117604654 88.31% 497732 0.42% 

Bootstrap 5 117695244 88.38% 509778 0.43% 

Bootstrap 6 117566728 88.28% 1600895 1.36% 

Bootstrap 7 117679867 88.37% 1870031 1.59% 

Bootstrap 8 117760573 88.43% 1748183 1.48% 

 

Table B.2.3: Clustering results on bootstrapped Hi-C link datasets. We ran the MetaPhase clustering 

algorithm on the M-Y and M-PE datasets, producing the results given in the main Results section. We 

also re-ran the clustering algorithm in each of these cases and applied randomized bootstrapping (that is, 

re-sampling with replacement of N data points) to the Hi-C link data. Shown are the results of eight 

bootstrapping runs for each sample. 

  



  

B.3 Supplementary figures for 
 

Figure B.3.1: M-Y species phylogeny. 

the M-Y sample (Table B.2.1). 
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Supplementary figures for Chapter 4 

Y species phylogeny. Phylogenetic tree of the 16 Ascomycetes yeast strains

 

Phylogenetic tree of the 16 Ascomycetes yeast strains used in 



  

Figure B.3.2: M-Y sequence divergences between species.

follows: First, a set of essential ORFs in the 

the Yeast Deletion Website. For each essential ORF, orthologous sequences in

found via BLASTn alignment200, and these sequences were all aligned together using Clustal Omega

Pairwise divergences were calculated by counting the frequency of mismatches among aligned base 

pairs in the Clustal Omega alignments. This analysis was repeated using essential

instead of S. cerevisiae, with very similar results (data not shown).
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Y sequence divergences between species. Divergence rates were calculated as 

follows: First, a set of essential ORFs in the Saccharomyces cerevisiae genome was downloaded from 

the Yeast Deletion Website. For each essential ORF, orthologous sequences in every other species were 

, and these sequences were all aligned together using Clustal Omega

Pairwise divergences were calculated by counting the frequency of mismatches among aligned base 

pairs in the Clustal Omega alignments. This analysis was repeated using essential ORFs from 

, with very similar results (data not shown). 

Divergence rates were calculated as 

genome was downloaded from 

every other species were 

, and these sequences were all aligned together using Clustal Omega204. 

Pairwise divergences were calculated by counting the frequency of mismatches among aligned base 

ORFs from K. lactis 



  

Figure B.3.3: Coverage of M-Y reference genomes by draft metagenome assembly.

M-Y draft metagenome assembly were aligned to the reference genome

using the following parameters: `-perc_identity 95 

these parameters ensured that all alignments generated 

each reference genome covered by BLASTn alignments. Right: For each reference genome, the N50 

length of draft contigs aligning to that genome.
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Y reference genomes by draft metagenome assembly.

Y draft metagenome assembly were aligned to the reference genomes of each species with BLASTn

perc_identity 95 -evalue 1e-30 -word_size 50`. The restrictiveness of 

these parameters ensured that all alignments generated were greater than 70 bp. Left: The fraction of 

each reference genome covered by BLASTn alignments. Right: For each reference genome, the N50 

length of draft contigs aligning to that genome. 

 

Y reference genomes by draft metagenome assembly. Contigs from the 

s of each species with BLASTn200 

word_size 50`. The restrictiveness of 

were greater than 70 bp. Left: The fraction of 

each reference genome covered by BLASTn alignments. Right: For each reference genome, the N50 



  

 

Figure B.3.4: Intra-cluster link enrichment as a function of

the hierarchical agglomerative clustering algorithm on the M

number of clusters gradually decreases as clusters are merged together; to generate this data, we 

continued clustering all the way down to 

each value of N. Note that for both M

the true number of distinct species present in the draft ass
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cluster link enrichment as a function of cluster number in M-Y and M

the hierarchical agglomerative clustering algorithm on the M-Y and M-3D datasets. In this algorithm, the 

number of clusters gradually decreases as clusters are merged together; to generate this data, we 

stering all the way down to N = 1. Shown is the metric E, or intra-cluster link enrichment, at 

. Note that for both M-Y and M-3D the maximum value of E(N) occurs when 

the true number of distinct species present in the draft assembly. 

 

Y and M-3D. We ran 

3D datasets. In this algorithm, the 

number of clusters gradually decreases as clusters are merged together; to generate this data, we 

cluster link enrichment, at 

) occurs when N is equal to 
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Figure B.3.5: Heatmap of non-unique reference alignments of contigs in each M-Y cluster. This is 

identical to Figure 4.2b, except that all contig alignments to all genomes are shown here, whereas in 

Figure 4.2b only contigs that align uniquely to a single reference genome are shown. 
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Figure B.3.6: Differential Hi-C efficiency rates by species for the M-Y sample. For each species, the 

Hi-C efficiency rate was calculated as Especies = fspecies(Hi-C) / fspecies(shotgun), where fspecies(library) is the 

fraction of reads from a sequencing library that align to the given species’ reference genome. These 

efficiency rates were log-scaled and then normalized to create an average of 0 over all species. 
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Figure B.3.7: Accuracy of Lachesis assembly of 

MetaPhase cluster corresponding to 

(Figure 4.2c). Shown here is a validation of the Lachesis assembly. Every contig that is placed by 

Lachesis and which aligns to the S. stipitis

in the S. stipitis reference. y-axis: the contig’s placement i

order of the clusters on the y-axis and the overall orientation of each cluster are arbitrary; they are chosen 

here for visual clarity and are not the same as in 
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7: Accuracy of Lachesis assembly of Scheffersomyces stipitis. The contigs in the 

MetaPhase cluster corresponding to S. stipitis were clustered, ordered, and oriented with Lachesis

). Shown here is a validation of the Lachesis assembly. Every contig that is placed by 

S. stipitis reference genome is shown. x-axis: the contig’s true position 

axis: the contig’s placement in the Lachesis assembly (note that both the 

axis and the overall orientation of each cluster are arbitrary; they are chosen 

here for visual clarity and are not the same as in Figure 4.2c.) 

 

The contigs in the 

were clustered, ordered, and oriented with Lachesis97 

). Shown here is a validation of the Lachesis assembly. Every contig that is placed by 

axis: the contig’s true position 

n the Lachesis assembly (note that both the 

axis and the overall orientation of each cluster are arbitrary; they are chosen 



  

Figure B.3.8: M-3D species phylog

strains used in the M-3D sample (Table
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3D species phylogeny. Phylogenetic tree of the 18 yeast, archaeal, and bacterial 

Table B.2.2). 

 

Phylogenetic tree of the 18 yeast, archaeal, and bacterial 
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Figure B.3.9: Heatmap of non-unique reference alignments of contigs in each M-3D cluster. This is 
identical to Figure 4.3b, except that all contig alignments to all genomes are shown here, whereas in 
Figure 4.3b only contigs that align uniquely to a single reference genome are shown. 



  

Figure B.3.10: Heatmaps of M-3D Hi

the M-3D HindIII non-resuspended library (

prokaryotic species present in the M

indicates the log10 of link density. 
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3D Hi-C links aligned to prokaryotic reference genomes. 

library (Table B.2.3) were aligned to the draft assemblies of four 

prokaryotic species present in the M-3D sample. Each heatmap has a resolution of 10 Kb, and the legend 

 

C links aligned to prokaryotic reference genomes. Reads from 

3) were aligned to the draft assemblies of four 

3D sample. Each heatmap has a resolution of 10 Kb, and the legend 
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APPENDIX C: SUPPLEMENTARY MATERIAL FOR 
CHAPTER 5 

 

 

The material in this Appendix, like that of Chapter 5, is based on the following peer-reviewed 

publication100: 

 

Andrew Adey, Joshua N. Burton, Jacob O. Kitzman, Joseph B. Hiatt, Alexandra P. Lewis, Beth K. 

Martin, Ruolan Qiu, Choli Lee and Jay Shendure. The haplotype-resolved genome and epigenome of the 

aneuploid HeLa cancer cell line. Nature 500, 207–211 (2013). 

Boldface indicates authors who contributed equally to this work. 

 

Supplementary methods are in section C.1. Supplementary tables are in section C.2. Supplementary 

figures are in section C.2. 
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C.1 Supplementary methods for Chapter 5 
 

HeLa cell culture: HeLa cell cultures (HeLa ATCC, CCL-2 (laboratory stock); HeLa S3 ATCC, CCL-2.2 

(laboratory stock); Chang liver ATCC, CCL-13; L132 ATCC, CCL-5; KB ATCC, CCL-17; HEp-2 ATCC, 

CCL-23; WISH ATCC, CCL-25; Intestine 407 ATCC, CCL-6; FL ATCC, CCL-62; AV-3 ATCC, CCL-21) 

were maintained in DMEM F-12, HEPES (Gibco) media supplemented with fetal bovine serum (FBS) to 

10% and a 1× final concentration of pen-strep antibiotic (Gibco). 

Shotgun sequencing, alignment and variant calling: All shotgun libraries were constructed using standard 

ligation chemistry methods and sequenced on an Illumina HiSeq 2000. Reads were aligned to the human 

reference genome (hg19, b37) using BWA199 followed by duplicate removal, quality score recalibration 

and local indel realignment using GATK74. SNVs were called using samtools205, indel variants were called 

using GATK74 and short tandem repeats (STRs) were called using LobSTR206. Gene ontology term 

analysis was carried out using DAVID207. Data sets used for each analysis are depicted as a flow chart in 

Figure C.3.48. 

Read depth copy number analysis: Shotgun reads for HeLa and Human Genome Diversity Project 

(HGDP) control genomes153 along with a similarly prepared control library with a matched G + C profile 

were aligned using mrsFAST208, processed as described previously209 to generate read depth-based copy 

number predictions within non-overlapping windows of singly unique nucleotide k-mers (SUNK windows). 

Copy-number calling in HeLa was carried out at high (approximately 1.5-kb) and low (approximately 77-

kb) resolution using an HMM, and a recalibration process was then used to account for widespread 

aneuploidy. Short amplifications and deletions were identified using a sliding-window approach. Copy-

number calling was also carried out on HeLa S3 at both high and low resolutions, as well as on the eight 

additional HeLa strains at low resolution, and profiles were compared between strains. Regions of LOH 

were identified using a two-state HMM that used the fraction of homozygous SNVs in non-repetitive 

regions across low-resolution copy-number windows described above. 
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Mate-pair library construction, sequencing and analysis: Library construction for 40-kb mate-pair libraries 

was carried out starting with fosmid clone DNA pooled within each original fosmid preparation, using a 

protocol similar to one described previously67. Libraries of approximately 3-kb inserts were constructed 

following protocols described previously210. After read trimming and alignment, reads were split into 

classes based on aligned orientation and insert size, and processed using sliding windows to identify 

regions of probable structural rearrangement. 

Fosmid pool construction, sequencing and haplotype phasing: Three replicate fosmid libraries were 

prepared as described previously67, and then partitioned by limited dilution into 96 sub-libraries. This was 

followed by outgrowth, barcoded transposase-based library preparation211, sequencing and alignment. 

Clone boundaries were inferred as described previously82, and base calls were made at all heterozygous 

variant positions as ascertained from whole-genome shotgun sequencing. Overlapping clones were 

merged to consensus haplotype blocks using an implementation of the ReFHap algorithm103. Within the 

majority of the HeLa genome in which haplotypes are unequally amplified, adjacent blocks were merged 

to create scaffolds, using an HMM that finds the most likely phase of neighbouring blocks given their 

shotgun allele frequencies of inherited variants (those found within the 1000 Genomes Project. This 

produced a final set of haplotype scaffolds with an N50 size of 44.8 Mb, which was then used in 

conjunction with copy-number calls to estimate haplotype-resolved copy number for HeLa. Haplotype 

scaffolds were analyzed for variant population frequencies to investigate the ancestral origin of phased 

blocks. Finally, overall copy numbers were compared among all HeLa strains sequenced in this study. 

Long-read phase validation: Genomic DNA from HeLa CCL-2 was mechanically sheared using a Covaris 

G-tube column and standard microcentrifuge following the manufacturer’s instructions, and this produced 

a mean fragment size of approximately 10 kb. Single-molecule real-time sequencing libraries for the 

Pacific Biosciences RS sequencer were prepared using the Pacific Biosciences DNA Template Prep Kit 

(3–10 kb), and the resulting library was sequenced across eight cells using a 90-min movie. Resulting 

base calls were aligned to the genome with bwasw (using parameters ‘-b5 -q2 -r1 -z1’). Reads that 

overlapped at least two phased SNPs were considered, excluding those within ±10 bp of an insertion or 

deletion in the alignment. 
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Identification of putative post-aneuploidy mutations: We searched for candidate somatic post-aneuploidy 

mutations by taking the initial set of SNVs called from the shotgun sequencing data and filtering to 

remove probable germline variants. SNVs that were phased on a duplicated haplotype but that were 

polymorphic between the two duplicated copies were identified. Common polymorphisms and sequencing 

artefacts were removed by filtering against repeat annotations and control genomes. 

HPV-18 insertion characterization: The HPV-18 integration locus was characterized by aligning all fosmid 

libraries to a modified genome that included the HPV-18 reference genome as an additional 

chromosome. Interchromosomal read pairs, fosmid-pool coverage profiles, and copy-number calls were 

used to determine the repeat structure of the chromosome 8q24.21–HPV-18 integration locus. 

Polymerase-chain-reaction primers were then designed to amplify the proposed breakpoints, and then 

sequencing for base-pair resolution was carried out. 

ENCODE and RNA-seq phasing: Directional, PolyA+ RNA-seq data generated in-house on HeLa S3 were 

analyzed in parallel with publically available ENCODE epigenomics and transcriptomics data downloaded 

from the online data portal for HeLa S3, and RNA-seq data on HeLa CCL-2151. RNA-seq reads were 

aligned using TopHat212 and transcript quantification was carried out using Cufflinks213. Haplotype 

phasing was performed by genotyping aligned-sequence data for all phased SNVs and assigning 

haplotype contributions to either peaks (epigenomics data sets) or RPKM (RNA-seq data sets), and then 

carrying out copy-number normalization. Reference bias was investigated in all tracks and removed in a 

subset to identify its impact on outlier calling. Haplotype-specific peaks were then identified in all data 

tracks. Finally, a meta-analysis of all data tracks was used to identify large regions of haplotype 

imbalance. 
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Supplementary tables for Chapter 5 

 



  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table C.2.2 | HGDP control genomes.
Rohland, N. and Reich, D (2012)214. Assumes 2.8 Gbp alignable reference.

Table C.2.1 | Sequencing data obtained.
Six major types of sequence data were obtained. 
HeLa (CCL-2) and HeLa S3. b. Haplotype specific fosmid clone pool sequencing. 
sequencing for both 3kb jumping libraries as well as fosmid based 40kb jumping libraries. 
Directional PolyA RNA-Seq library 
8 additional HeLa strains. f. PacBio RS long read sequencing of HeLa CCL
phasing validation. 
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2.2 | HGDP control genomes. Sequencing data summary for 11 HGDP control individuals from 
. Assumes 2.8 Gbp alignable reference. 

2.1 | Sequencing data obtained. 
f sequence data were obtained. a. Shotgun sequencing data obtained for 

Haplotype specific fosmid clone pool sequencing. c.
sequencing for both 3kb jumping libraries as well as fosmid based 40kb jumping libraries. 

Seq library for HeLa S3 generated in house. e. Shotgun sequencing of 
PacBio RS long read sequencing of HeLa CCL-2 for haplotype 

Sequencing data summary for 11 HGDP control individuals from 
 

Shotgun sequencing data obtained for 
c. Mate pair 

sequencing for both 3kb jumping libraries as well as fosmid based 40kb jumping libraries. d. 
Shotgun sequencing of 

2 for haplotype 
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AVERAGES 

 
5 African 2 Euro Reich 11 HELA CCL-2 

Number of SNVs 4,699,881 3,782,752 4,178,701 4,068,395 

Number of indels 358,218 320,632 334,885 417,471* 

Number of 1kG SNVs 4,072,563 3,393,182 3,663,541 3,670,543 

Number of non-1kG SNVs 627,319 389,571 515,159 397,852 

Number of 1kG indels 212,327 181,597 193,522 195,613 

Number of non-1kG indels 145,891 139,035 141,363 221,858 

% SNVs that are homozygous 36.11% 39.45% 40.42% 43.99% 

Ti/Tv for SNVs in 1kG 2.15 2.15 2.15 2.14 

Ti/Tv for SNVs not in 1kG 1.69 1.60 1.65 1.55 

Private Protein-Altering (PPA) SNVs 508.6 258 390.9 269 

PPA SNVs in COSMIC 3.2 0.5 2.6 1 

PPA SNVs in Cancer Genes 13.4 4 8.7 4 

PPA indels 24.8 10.5 17.5 35* 

PPA indels in COSMIC 0 0 0 0 

PPA indels in Cancer Genes 0 0 0.1 1 

Total bases in homozygous tracts 49,360,241 52,718,117 83,552,819 374,139,228 

  
Table C.2.3 | Summary of variants and regions of homozygosity for HeLa and 

control genomes.  

Variants with a minimum of 8X coverage were annotated as protein-altering using the 

SeattleSeq annotation server. Private protein-altering (“PPA”) variants were those not 

observed among the 1000 Genomes Project (“1kG”) or the Exome Sequencing Project 

6500 call set, and found outside regions annotated for excessive sequence depth 

(HiSeq top 5%ile coverage track from the UCSC genome browser). For comparison to 

COSMIC database, the variant allele was required to match exactly. Comparison to 

CGP used gene-level overlap. * HeLa CCL-2 has an increased indel call rate due to 

higher depth of coverage. 



  

  

*Of high-quality, alignable regions

Table C.2.4 | Haplotype-Resolved Copy Number (HRCN) profile of HeLa CCL

Proportion of the genome (UCSC hg19/GRC37h, excluding assembly gaps and 

sgemental duplications) at each haplotype
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quality, alignable regions 

Resolved Copy Number (HRCN) profile of HeLa CCL

Proportion of the genome (UCSC hg19/GRC37h, excluding assembly gaps and 

sgemental duplications) at each haplotype-resolved copy number (HRCN) state.

Resolved Copy Number (HRCN) profile of HeLa CCL-2. 

Proportion of the genome (UCSC hg19/GRC37h, excluding assembly gaps and 

copy number (HRCN) state. 



  

  

Table C.2.5 | Large regions of LOH in HeLa CCL
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Table C.2.5 | Large regions of LOH in HeLa CCL-2. 



  

  

Table C.2.6 | Phasing status of heterozygous SNVs in HeLa CCL

Counts of heterozygous SNVs are shown by phasing status (phased

reason) and overlap with 1000 Genomes Project data and genomic repeats (segmental 

duplications or regions identified by Repeat Masker). For unphased variants, the 

reason for lack of phase assignment is indicated (does not appear among clo

alleles are inconsistent among phased clones). Phased variants are separated by the 

degree of support among clone data (both alleles observed with no inconsistency 

between clones, or only one allele observed with no inconsistency between clones, or

inconsistencies between clones resolved by majority rule).
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Table C.2.6 | Phasing status of heterozygous SNVs in HeLa CCL-2. 

Counts of heterozygous SNVs are shown by phasing status (phased or unphased, and 

reason) and overlap with 1000 Genomes Project data and genomic repeats (segmental 

duplications or regions identified by Repeat Masker). For unphased variants, the 

reason for lack of phase assignment is indicated (does not appear among clo

alleles are inconsistent among phased clones). Phased variants are separated by the 

degree of support among clone data (both alleles observed with no inconsistency 

between clones, or only one allele observed with no inconsistency between clones, or

inconsistencies between clones resolved by majority rule). 

or unphased, and 

reason) and overlap with 1000 Genomes Project data and genomic repeats (segmental 

duplications or regions identified by Repeat Masker). For unphased variants, the 

reason for lack of phase assignment is indicated (does not appear among clones, or 

alleles are inconsistent among phased clones). Phased variants are separated by the 

degree of support among clone data (both alleles observed with no inconsistency 

between clones, or only one allele observed with no inconsistency between clones, or  



  

Table C.2.7 | Clone-confirmed somatic mutation frequency.

Counts and frequencies of somatic mutations in the HeLa CCL

number of bases in the genome at each haplotype

(total copies:haplotype A copies:haplotype B copies) are listed, as well as the number 

of somatic mutations observed and confirmed by clone pool sequencing. Mutations 

occurring on duplicated haplotypes could arise on any of t

mutation rate is taken as (# sites in given C.N.) / ( [total bases within reference at C.N.] 

x [copies of duplicated haplotype(s)]). Shaded rows indicate regions of LOH 

(haplotype B copies = 0). 

*In these regions, both haplotypes ar

considered; in all other cases, only mutations occurring on the major haplotype were 

counted. 
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confirmed somatic mutation frequency. 

Counts and frequencies of somatic mutations in the HeLa CCL-2 genome. The total 

number of bases in the genome at each haplotype-resolved copy number (HRCN) state 

(total copies:haplotype A copies:haplotype B copies) are listed, as well as the number 

of somatic mutations observed and confirmed by clone pool sequencing. Mutations 

occurring on duplicated haplotypes could arise on any of the haplotype copies, so 

mutation rate is taken as (# sites in given C.N.) / ( [total bases within reference at C.N.] 

x [copies of duplicated haplotype(s)]). Shaded rows indicate regions of LOH 

*In these regions, both haplotypes are duplicated, so mutations on either were 

considered; in all other cases, only mutations occurring on the major haplotype were 

 

2 genome. The total 

olved copy number (HRCN) state 

(total copies:haplotype A copies:haplotype B copies) are listed, as well as the number 

of somatic mutations observed and confirmed by clone pool sequencing. Mutations 

he haplotype copies, so 

mutation rate is taken as (# sites in given C.N.) / ( [total bases within reference at C.N.] 

x [copies of duplicated haplotype(s)]). Shaded rows indicate regions of LOH 

e duplicated, so mutations on either were 

considered; in all other cases, only mutations occurring on the major haplotype were 



  

Table C.2.8 | Variants shared between HeLa strains

HeLa S3 shotgun reads, HeLa S3 RNA

HeLa strains were genotyped at HeLa CCL

of the HeLa CCL-2 variant allele. Positions were only included if both HeLa CCL

and the data set have a coverage of at least 8x, and are not in segment

at 1000 Genomes Project sites. 
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Table C.2.8 | Variants shared between HeLa strains 

HeLa S3 shotgun reads, HeLa S3 RNA-Seq reads, and shotgun reads from 8 additional 

HeLa strains were genotyped at HeLa CCL-2 variant sites for the presence or absence 

2 variant allele. Positions were only included if both HeLa CCL

and the data set have a coverage of at least 8x, and are not in segmental duplications or 

 

from 8 additional 

2 variant sites for the presence or absence 

2 variant allele. Positions were only included if both HeLa CCL-2 

al duplications or 
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C.3 Supplementary figures for Chapter 5 
 

 

  
Figure C.3.1 | Indel calling by 
coverage 
a. Counts of indels called is 
plotted versus read depth at 
each indel for HeLa and 11 
HGDP controls. Shotgun reads 
from HeLa CCL-2 as well as 
HeLa S3 were randomly 
downsampled in order to study 
the effects of lower coverage 
upon indel counts in each 
genome. Mean coverage was 
HeLa CCL-2 full dataset: 
("HELA_HIGH"), ~88X; HeLa 
CCL-2, subsampled 
("HELA_LOW"), ~35X; HeLa S3 
full dataset ("S3_HIGH"), ~26X; 
HeLa S3 subsampled 
("S3_LOW"), ~12X; 11 HGDP 
controls, ~30-45X. Each point 
represents one of the low 
resolution SUNK windows 
(mean size, 77 kbp), and for 
each window, mean read depth 
and total number of indel calls 
per kilobase were determined. In 
all genomes analyzed, there is a 
strong correlation between 
number of calls by read depth. 
b. Indel calls in HeLa (88X) for 
points as in a but shown as a 2d 
density contour plot, split by 
underlying copy number. As the 
mean coverage increases with 
the copy number so does the 
ability to call indels, resulting in 
a higher call count per kilobase 
at higher copy numbers. 
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Figure C.3.2 | STR profiling with lobSTR. 

Short Tandem Repeats (STRs) were identified using lobSTR206 for HeLa as well as eight of the diversity 
panel control individuals214. Repeats with a coverage of at least 10 are represented above as a histogram 
of counts for the length difference in base pairs of called STRs from the reference. While more calls 
above the coverage threshold are called for HeLa, likely due to having 88X coverage compared to ~30-
45X for the control samples, the profile of lengths are comparable between all samples. 
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Figure C.3.3 | Gene ontology enrichment analysis for genes with protein-altering variants in 
Hela CCL-2 and 11 HGDP controls.  
For HeLa CCL-2 and the 11 control genomes, a list of genes with protein-altering SNVs, indels, 
structural rearrangements, or copy number alterations (copy-number <1 or >9) was analyzed by 
DAVID (Huang et. al. (2009)). Gene Ontology terms (GO-terms) were then filtered to retain only 
those with a p-value <= 0.05 and plotted in the left panel where color indicates the genome (HeLa or 
control) and shading represents significance. The right panel shows, for each term, the number of 
genomes with significant enrichment for protein-altering variants in the associated genes. With the 
exception of the “Startle response” GO-term, all of the terms in HeLa with a p-value <= 0.01 occur in 
at least one of the control genomes. 
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Figure C.3.4 | Hela CCL-2 high resolution copy number calls. 

Copy number ratios versus control genomes are plotted within high-resolution SUNK 

windows (green dots, each window size ~1.5 kb), with predicted copy number state 

overlaid (black dots). 
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Figure C.3.5 | HeLa over GC-matched control ratio histogram. 

SUNK window (500 unique 30mer) resolution ratio scores plotted as a histogram. 

Distinct peaks are observed at approximately 0.33, 0.66, 1.0, 1.33, consistent with an 

approximately triploid numerator sample (HeLa) over a diploid denominator sample 

(GC-matched control). Inferred copy numbers are indicated by arrows. 



  

Figure C.3.6 | Copy-number recalibration strategy.
a. Schematic of steps involved in the recalibration process. In order to adjust for differences in 
total read depth between genomes, window scores are normalized to a constant. Ratios are 
then taken between a G+C profile matched normal control and states are
HMM. Resulting ratios are not directly relatable to absolute copy number when the two 
genomes' chromosomal complements are of unequal size (e.g., one is triploid and the other 
diploid). Assignments of copy numbers to HMM states ("hypoth
generated; windowed copy number values then summed to generate a “genetic material ratio” 
which is used as the normalization constant. The mean across windows from each HMM state 
is recalculated, and ratios to the diploid control ge
The hypothesis which minimizes the mean difference between observed and expected per
state ratios is chosen. b. HeLa copy number state scores are shown before and after 
recalibration (black and blue, respectively
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number recalibration strategy. 
Schematic of steps involved in the recalibration process. In order to adjust for differences in 

total read depth between genomes, window scores are normalized to a constant. Ratios are 
then taken between a G+C profile matched normal control and states are segmented using an 
HMM. Resulting ratios are not directly relatable to absolute copy number when the two 
genomes' chromosomal complements are of unequal size (e.g., one is triploid and the other 
diploid). Assignments of copy numbers to HMM states ("hypotheses") are exhaustively 
generated; windowed copy number values then summed to generate a “genetic material ratio” 
which is used as the normalization constant. The mean across windows from each HMM state 
is recalculated, and ratios to the diploid control genome are taken, after which the per
The hypothesis which minimizes the mean difference between observed and expected per

HeLa copy number state scores are shown before and after 
recalibration (black and blue, respectively), with theoretical values shown as open circles.

 

Schematic of steps involved in the recalibration process. In order to adjust for differences in 
total read depth between genomes, window scores are normalized to a constant. Ratios are 

segmented using an 
HMM. Resulting ratios are not directly relatable to absolute copy number when the two 
genomes' chromosomal complements are of unequal size (e.g., one is triploid and the other 

eses") are exhaustively 
generated; windowed copy number values then summed to generate a “genetic material ratio” 
which is used as the normalization constant. The mean across windows from each HMM state 

nome are taken, after which the per-state . 
The hypothesis which minimizes the mean difference between observed and expected per-

HeLa copy number state scores are shown before and after 
), with theoretical values shown as open circles. 



  

Figure C.3.7 | HeLa CCL-2 and S3 copy number and LOH profiles.
a, Top - Low resolution SUNK window ratio scores (green or purple points) and copy number 
state calls (black lines) for HeLa CCL
the fraction of heterozygous variants in each window. 
indicate notable changes in copy number or LoH.
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2 and S3 copy number and LOH profiles. 
Low resolution SUNK window ratio scores (green or purple points) and copy number 

state calls (black lines) for HeLa CCL-2. Bottom – Loss of heterozygosity scores measured by 
the fraction of heterozygous variants in each window. b, As in a. but for HeLa S3. Red arrows 
indicate notable changes in copy number or LoH. 

 

Low resolution SUNK window ratio scores (green or purple points) and copy number 
Loss of heterozygosity scores measured by 

eLa S3. Red arrows 



  

Figure C.3.8 | Mate pair insert size distributions.
a, Insert size distributions of concordant pairs for the two "3 kb" mate
vitro circularization. b, Insert size distributions of concordant pairs for the three "40 kb" mate
constructed using fosmid cloning. 
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3.8 | Mate pair insert size distributions. 
Insert size distributions of concordant pairs for the two "3 kb" mate-pair libraries constructed using 

Insert size distributions of concordant pairs for the three "40 kb" mate

 

Figure C.3.
Examples of deletions 
in HeLa CCL
Three examples of 
deletions called using a 
sliding window 
approach shown in
IGV genome browser
Blue bars denote 
regions of coverage 
from supporting 3 kb 
mate-paired reads 
(green ticks). Shotgun 
sequence coverage 
(gray bars) are plotted 
beneath each event.

 

pair libraries constructed using in 
Insert size distributions of concordant pairs for the three "40 kb" mate-pair libraries 

Figure C.3.9 | 
Examples of deletions 
in HeLa CCL-2 
Three examples of 
deletions called using a 
sliding window 
approach shown in the 
IGV genome browser. 
Blue bars denote 
regions of coverage 
from supporting 3 kb 

paired reads 
(green ticks). Shotgun 
sequence coverage 
(gray bars) are plotted 
beneath each event. 



  

 

Figure C.3.10 | Examples of inter-
Two examples of inter-chromosomal rearrangements detected by a sliding window approach from 
discordantly-mapping 3 kb mate-pair reads. The upper example is one of the rearrangements within 
marker chromosome M14. 
 
 
 
 

Figure C.3.11 | Called inversion examples in HeLa CCL
Two examples of inversions detected by a sliding window approach from discordantly
mate-pair reads. Both inversions are supported by fosmid sequence  coverage profiles (blue tracks 
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-chromosomal rearrangements in HeLa CCL-2. 
chromosomal rearrangements detected by a sliding window approach from 

pair reads. The upper example is one of the rearrangements within 

  
version examples in HeLa CCL-2. 

Two examples of inversions detected by a sliding window approach from discordantly
pair reads. Both inversions are supported by fosmid sequence  coverage profiles (blue tracks 

chromosomal rearrangements detected by a sliding window approach from 
pair reads. The upper example is one of the rearrangements within 

Two examples of inversions detected by a sliding window approach from discordantly-mapping 3 kb 
pair reads. Both inversions are supported by fosmid sequence  coverage profiles (blue tracks 
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shown below chromosome ideograms), with overlapping clones showing discontinuous patterns of 
coverage near each inversion breakpoint. 



  

  
Figure C.3.12 | Histogram of clone coverage.

Histogram of the physical coverage by fosmid clone inserts. Overall, 3.5% of the 

genome is not covered (coverage=0, excluding chromosome Y and assembly gaps). 
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Figure C.3.12 | Histogram of clone coverage. 

Histogram of the physical coverage by fosmid clone inserts. Overall, 3.5% of the 

genome is not covered (coverage=0, excluding chromosome Y and assembly gaps). 

Histogram of the physical coverage by fosmid clone inserts. Overall, 3.5% of the 

genome is not covered (coverage=0, excluding chromosome Y and assembly gaps).  



  

  

Figure C.3.13 | Schematic of haplotype scaffolding approach using allele 

imbalance. 

Consecutive haplotype blocks in regions containing imbalanced copy numbers (green 

boxes) between haplotypes can be merged using an HMM to form a haplotype scaffold 

based on the allele frequencies of phased variants within the blocks (histograms of 

with (haplotype A) and blue (haplotype B) distributions representing allele frequencies 

for the respective haplotypes). For haplotype blocks in regions of imbalanced 

haplotype these histograms are distinct (histograms on bottom of figure), whereas 

haplotype blocks in regions of even copy number overlap and can not be distinguished 

(histograms at the top of the figure).
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Figure C.3.13 | Schematic of haplotype scaffolding approach using allele 

Consecutive haplotype blocks in regions containing imbalanced copy numbers (green 

boxes) between haplotypes can be merged using an HMM to form a haplotype scaffold 

based on the allele frequencies of phased variants within the blocks (histograms of 

plotype A) and blue (haplotype B) distributions representing allele frequencies 

for the respective haplotypes). For haplotype blocks in regions of imbalanced 

haplotype these histograms are distinct (histograms on bottom of figure), whereas 

in regions of even copy number overlap and can not be distinguished 

(histograms at the top of the figure). 

Figure C.3.13 | Schematic of haplotype scaffolding approach using allele 

Consecutive haplotype blocks in regions containing imbalanced copy numbers (green 

boxes) between haplotypes can be merged using an HMM to form a haplotype scaffold 

based on the allele frequencies of phased variants within the blocks (histograms of 

plotype A) and blue (haplotype B) distributions representing allele frequencies 

for the respective haplotypes). For haplotype blocks in regions of imbalanced 

haplotype these histograms are distinct (histograms on bottom of figure), whereas 

in regions of even copy number overlap and can not be distinguished 



  

Figure C.3.14 | Gaussian mixture model of AAFs in non

regions.  

A histogram of alternate allele frequencies among shotgun re

heterozygous variants present in regions of copy number 3 in which one haplotype is at 

copy number 2 and the other at copy number 1. A two

model was fit to this distribution, and the centers of each component

lines) were at 0.324 and 0.651, near the expected values of 1/3 and 2/3.
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Figure C.3.14 | Gaussian mixture model of AAFs in non-LOH copy number 3 

A histogram of alternate allele frequencies among shotgun reads is shown for all 

heterozygous variants present in regions of copy number 3 in which one haplotype is at 

copy number 2 and the other at copy number 1. A two-component Gaussian mixture 

model was fit to this distribution, and the centers of each component (red and green 

lines) were at 0.324 and 0.651, near the expected values of 1/3 and 2/3. 

 

LOH copy number 3 

ads is shown for all 

heterozygous variants present in regions of copy number 3 in which one haplotype is at 

component Gaussian mixture 

(red and green 
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Figure C.3.15 | HeLa allele balance by read depth for HRCN regions. 

For each low resolution SUNK window (~77 kb), the average minor allele frequency 

of all heterozygous variants was plotted against those sites' average read depth. Each 

point was shaded by the window's predicted HRCN (total copy number : haplotype A 

copy number : haplotype B copy number). Overlaid ellipses represent 95% confidence 

intervals for each HRCN grouping. 
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Figure C.3.16 | Long read haplotype validation. 

Haplotype phase validation by single molecule long-read sequencing. An example 

alignment from one read spanning 4.96 kbp is shown. a. Upper track: phased variants 

in HeLa CCL-2 are shown for each inherited haplotype (A and B), with gray ticks 

indicating the reference allele and colors representing the alternate allele. Lower track: 

the aligned read spans 98 phased heterozygous sites, of which 19 sites are more than 

10 bp from the nearest alignment indel. Of those, all 19 sites match the allele predicted 

on haplotype C. b. Detail showing aligned positions matching haplotype A or rejected 

due to overlapping or nearby indel errors. 
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Figure C.3.17 | Allelic state across LOH event specific to HeLa S3.  

Allele frequencies among HeLa S3 shotgun reads are shown for all heterozygous and 

phased variants from HeLa CCL-2, across 78.1 Mbp of chromosome 18. Allele 

frequencies in S3 are plotted on the y-axis, with points' direction and color indicating 

whether each CCL-2 allele is phased on haplotype A (red, upward) or haplotype B 

(blue, downward). In HeLa CCL-2, chromosome 18 is triploid without LOH, but in 

HeLa S3 it is observed to have a large (47.3 Mbp) distal region that is diploid with 

LOH. Nearly all (99.7%) of the variants with allele balance >0.9 within this region (in 

S3) correspond to haplotype A from HeLa CCL-2. 



  

 

  

Figure C.3.18 | Population-based haplotype analysis.
a. Histogram of windowed scores based based upon phased sites' popluation allele 
frequencies in CEU vs YRI individuals (from the 1000 Genomes Project). Red and green lines 
indicate density from a two-component mixture model fit
windowed scores, identical to 
successive pair of 1000 Genomes variants. 
Project) for windows ranked as in 
like alleles to the right). More highly YRI
variants. d. Randomization test
that the phase is randomized as in 
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based haplotype analysis. 
Histogram of windowed scores based based upon phased sites' popluation allele 

frequencies in CEU vs YRI individuals (from the 1000 Genomes Project). Red and green lines 
component mixture model fit. b. Randomization test. 

windowed scores, identical to a, except that the phase is randomized between each 
successive pair of 1000 Genomes variants. c. Counts of novel variants (non-1000 Genomes 
Project) for windows ranked as in a. (windows with more CEU-like alleles to the left, more YRI
like alleles to the right). More highly YRI-like haplotype blocks on average contain more novel 

Randomization test. Counts of novel variants in each window, identical to 
that the phase is randomized as in b. 

Histogram of windowed scores based based upon phased sites' popluation allele 
frequencies in CEU vs YRI individuals (from the 1000 Genomes Project). Red and green lines 

. Histogram of 
, except that the phase is randomized between each 

1000 Genomes 
left, more YRI-

like haplotype blocks on average contain more novel 
Counts of novel variants in each window, identical to c, except 
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Figure C.3.19 | Haplotype-based local inference of genetic ancestry. 
a. Predicted genetic ancestry is shown for haplotype windows, using scores of allele frequency 
to CEU or YRI populations and colored by the ancestry similarity (Blue = CEU, Red = YRI). 
Windows in LOH regions, in haplotype scaffolds with insufficient numbers of phased variants 
(fewer than 1,000 variants 1000 Genomes Project variants), are not shown. Regions of 
balanced copy number shown by black boxes were excluded because haplotype imbalance 
could not be used to create long scaffolds. b. Randomization test. Windows are painted as in 
a, except that the phase is randomized between each successive pair of 1000 Genomes 
variants. 
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Figure C.3.20 | Post-aneuploidy mutation analysis. 

Schematic of validation process for somatic, post-aneuploidy mutations by large insert 

clone pool sequencing. Mutations arising after duplication of a germline haplotype 

(blue) are confirmed by the presence of both the mutant allele (yellow, “G”) as well as 

the reference allele (T) in separate clones derived from the duplicated haplotype.  
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Figure C.3.21 | Somatic mutation allele frequencies. 

Histograms of allele frequency within shotgun data of clone-validated somatic 

mutations, split by haplotype-resolved copy number (HRCN) state. Regions with 

HRCN of 5:3:2 and 6:4:2 were omitted because there were few sites (each <= 10). 
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Figure C.3.22 | Somatic mutation counts. 

Count of somatic mutations per 5 Mbp window along each chromosome.  
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Figure C.3.23 | Private alleles shared between HeLa CCL-2 and S3. 

 The fraction of private SNVs (not found in the 1000 Genomes Project) from HeLa 

CCL-2 that are also observed in S3 is shown, binned by the number of reads 

supporting the alternate allele in CCL-2. The fraction of shared alleles is shown for 

different categories of sites: all private sites in CCL-2 (Red, “ALL”), private protein-

altering variants in CCL-2 (Blue, “PPA”) and private coding synonymous variants in 

CCL-2 (Green, “PSN”). Variant alleles supported by >100 reads in CCL-2 were 

grouped into the “100+” bin. 
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Figure C.3.24 | Hela S3 high resolution copy number calls. 

Copy number ratios versus control genomes are plotted within high-resolution SUNK 

windows (green dots, each window size ~1.5 kb), with predicted copy number state 

overlaid (black dots). 
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Figure C.3.25 | Copy number profiles for 10 HeLa strains. 

Copy number ratios versus control genomes are plotted within high-resolution SUNK 

windows for HeLa CCL-2, HeLa S3, and eight additional HeLa strains (green and 

purple dots, alternating by chromosome, window contains 500 unique 30mers), with 

predicted copy number state overlaid (black dots). 
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Figure C.3.26 | Comparison of read depth profiles in HeLa strains. 
Copy number differences across low-resolution SUNK windows relative to HeLa CCL-13 were 
plotted for HeLa CCL-2, S3, and 7 additional strains. Note: Increased values indicate 
increased copy number in CCL-13 compared to alternate strain. 
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Figure C.3.27 | Clustergram of 10 HeLa strains based on copy number profile 

similiarity.  

Copy number scores were averaged within large windows (~1 Mbp) for 10 HeLa 

strains as well as an outgroup control genome (HGDP00927). Scores were clustered in 

(R package 'pvclust') with 1000 bootstrap iterations. “au” values correspond to 

“Approximately Unbiased” scoring that is computed by multiscale bootstrap 

resampling while the “bp” value corresponds to “Bootstrap Probability”, or standard 

bootstrap scoring. Due to batch differences in library preparation, comparison with 

HeLa CCL-2, HeLa S3 and the HGDP outgroup is much less reliable. It is important to 

note that this dendrogram is not necessarily the actual phylogeny and simply represents 

the similarity between marker chromosome / copy number subsets for the individual 

strains. 
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Fraction of reads matching CCL-2 Haplotype A 

 

 

 

 

Figure C.3.28 | Regions of LOH in HeLa CCL-13 by comparison to CCL-2 haplotypes. 
Shown in windows (mean ~800 kbp) across each chromosome are the fraction of reads 
matching the allele phased to haplotype A in HeLa CCL-2. LOH in CCL-13 (but not CCL-2) 
manifests as long stretches where shotgun reads from CCL-13 (mean depth 4.0X) exclusively 
match CCL-2 haplotype A (y value = 1) or haplotype B (y value=0). A total of NNN Mbp of LOH 
regions were detected in CCL-13 (highlighted by shaded bars). Regions lacking haplotype 
scaffolds in CCL-2 (e.g., in LOH or in regions of balanced copy number in CCL-2) were 
omitted. Black boxes indicate predicted regions of LOH. 
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Figure C.3.29 | Copy-number loss and LOH on chromosome 9 in HeLa CCL-13. 

a. LOH on chromosome 9 in HeLa-CCL13, as detected by a shift towards CCL-2 

haplotype A alleles was accompanied by reduction of copy number to 2 in CCL-13 in 

the affected region shown in b. relative to copy in HeLa CCL-2 shown in c. (Black = 

total copy number, Red = haplotype A copy number, Blue = haplotype B copy 

number). 



  

Figure C.3.30 | Structure of the HPV
a. Heat maps showing coverage from fosmid clone pools across the insertion site flanking 
region (upper) or the HPV-18 par
breakpoints in which discordantly mapping read pairs were found that link the HPV
chromosome 8 references. b. Diagrams of individual clones' coverage across the integration 
site and HPV-18. Yellow bars indicate coverage in the region, double black lines parallel to the 
reference indicate all read pairs are concordant across the breakpoint; single black links with 
single line parallel to the reference indicate some read pairs are concordant across the 
breakpoint and others correspond to the link; double black links indicate that all read pairs 
support the link; links to a circled “V” indicate that read pairs are p
link to the backbone vector sequence and therefore mark the end of a clone’s coverage. 
Proposed structure of repeat units based on fosmid coverage profiles. Repeat R1 has a 
minimum of 2 copies, as breakpoint 2b
6. The observed coverage profile over repeat 1 indicates a maximum of ~5 copies. Repeat R2 
has a minimum of 5 tandem repeats, as the HPV region from breakpoint 5 to breakpoint 6 is 
never observed in clones entering
maximum of 7 due to never observing fosmids solely containing the chromosome 8 region 
from breakpoint 1 to 2b and HPV region from breakpoint 4 to breakpoint 5.
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30 | Structure of the HPV-18 integration locus. 

Heat maps showing coverage from fosmid clone pools across the insertion site flanking 
18 partial sequence (lower). Circled numbers correspond to 

breakpoints in which discordantly mapping read pairs were found that link the HPV
Diagrams of individual clones' coverage across the integration 

18. Yellow bars indicate coverage in the region, double black lines parallel to the 
reference indicate all read pairs are concordant across the breakpoint; single black links with 
single line parallel to the reference indicate some read pairs are concordant across the 
breakpoint and others correspond to the link; double black links indicate that all read pairs 
support the link; links to a circled “V” indicate that read pairs are present at that location that 
link to the backbone vector sequence and therefore mark the end of a clone’s coverage. 
Proposed structure of repeat units based on fosmid coverage profiles. Repeat R1 has a 
minimum of 2 copies, as breakpoint 2b-5 is never observed in fosmids containing breakpoint 3
6. The observed coverage profile over repeat 1 indicates a maximum of ~5 copies. Repeat R2 
has a minimum of 5 tandem repeats, as the HPV region from breakpoint 5 to breakpoint 6 is 
never observed in clones entering the repeat from the centromeric end of the region, and a 
maximum of 7 due to never observing fosmids solely containing the chromosome 8 region 
from breakpoint 1 to 2b and HPV region from breakpoint 4 to breakpoint 5. 

 

Heat maps showing coverage from fosmid clone pools across the insertion site flanking 
tial sequence (lower). Circled numbers correspond to 

breakpoints in which discordantly mapping read pairs were found that link the HPV-18 and 
Diagrams of individual clones' coverage across the integration 

18. Yellow bars indicate coverage in the region, double black lines parallel to the 
reference indicate all read pairs are concordant across the breakpoint; single black links with a 
single line parallel to the reference indicate some read pairs are concordant across the 
breakpoint and others correspond to the link; double black links indicate that all read pairs 

resent at that location that 
link to the backbone vector sequence and therefore mark the end of a clone’s coverage. c. 
Proposed structure of repeat units based on fosmid coverage profiles. Repeat R1 has a 

served in fosmids containing breakpoint 3-
6. The observed coverage profile over repeat 1 indicates a maximum of ~5 copies. Repeat R2 
has a minimum of 5 tandem repeats, as the HPV region from breakpoint 5 to breakpoint 6 is 

the repeat from the centromeric end of the region, and a 
maximum of 7 due to never observing fosmids solely containing the chromosome 8 region 



  

Figure C.3.31 | Assembly and se
a. Proposed structure of the chromosome 8 locus containing the HPV
Priming sites used to generate amplicons for breakpoint confirmation and assembly. 
Connecting black arrows indicate successful PC
arrows indicate additional primer sites that were tested which did not yield products. 
Assembled breakpoints performed via shotgun sequencing and assembly of gel
selected amplicons. Purple correspon
black nucleotides without an underline indicate sequence that share no homology with human 
or HPV-18 sequence, black nucleotides with double underline indicate sequence micro
homology with both human and HP
sequences used to generate amplicons.
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31 | Assembly and sequencing of the HPV-18 integration site. 
Proposed structure of the chromosome 8 locus containing the HPV-18 integration. 

Priming sites used to generate amplicons for breakpoint confirmation and assembly. 
Connecting black arrows indicate successful PCR amplicons and assembled breakpoints, gray 
arrows indicate additional primer sites that were tested which did not yield products. 
Assembled breakpoints performed via shotgun sequencing and assembly of gel
selected amplicons. Purple corresponds to human sequence and green to viral sequence, 
black nucleotides without an underline indicate sequence that share no homology with human 

18 sequence, black nucleotides with double underline indicate sequence micro
homology with both human and HPV-18 sequence, underlined regions in color are the primer 
sequences used to generate amplicons. 

 

18 integration. b. 
Priming sites used to generate amplicons for breakpoint confirmation and assembly. 

R amplicons and assembled breakpoints, gray 
arrows indicate additional primer sites that were tested which did not yield products. c, 
Assembled breakpoints performed via shotgun sequencing and assembly of gel-based size 

ds to human sequence and green to viral sequence, 
black nucleotides without an underline indicate sequence that share no homology with human 

18 sequence, black nucleotides with double underline indicate sequence micro-
18 sequence, underlined regions in color are the primer 



  

Figure C.3.32 | HPV-18 RNA-Seq coverage.
Area chart (bottom panel) represents RNA
the chart is the diagram of the HPV
Figure 5.2 for reference. 

 

Figure C.3.33 | Correlation between RNA

HeLa S3 transcript abundances (reads per kilobase per million reads, RPKM) from ENCODE RNA
(Cold Spring Harbor – Cell long PolyA) were plotted against those our own RNA
represents one RefGene-annotated tr
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Seq coverage. 
Area chart (bottom panel) represents RNA-Seq level of coverage that reaches nearly 6,000 fold. Above 
the chart is the diagram of the HPV-18 portion of the integration locus on chromosome 8q24.21 from 

 

between RNA-Seq datasets. 

HeLa S3 transcript abundances (reads per kilobase per million reads, RPKM) from ENCODE RNA
Cell long PolyA) were plotted against those our own RNA–Seq data. Each point 

annotated transcript (for transcripts with >= 1 RPKM). Red line is y=x.

 

Seq level of coverage that reaches nearly 6,000 fold. Above 
18 portion of the integration locus on chromosome 8q24.21 from 

HeLa S3 transcript abundances (reads per kilobase per million reads, RPKM) from ENCODE RNA-Seq 
Seq data. Each point 

anscript (for transcripts with >= 1 RPKM). Red line is y=x. 



  

  
Figure C.3.34 | Phased ENCODE data tracks.

Per-haplotype enrichment scores for (A: red, B: blue) ENCODE HeLa S3 dataset. 

Height of each point indicates the degree of bias towards towards eac

normalizing for its underlying copy number.
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Figure C.3.34 | Phased ENCODE data tracks. 

haplotype enrichment scores for (A: red, B: blue) ENCODE HeLa S3 dataset. 

Height of each point indicates the degree of bias towards towards each haplotype after 

normalizing for its underlying copy number. 

 

haplotype enrichment scores for (A: red, B: blue) ENCODE HeLa S3 dataset. 

h haplotype after 
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Figure C.3.35 | Correlations between haplotype-specific signals for ENCODE 

HeLa datasets. 

Copy number normalized haplotype B-specific signals are plotted against haplotype A-

specific signals for ENCODE HeLa S3 datasets. Each point represents the mean 

haplotype-specific scores for called peaks (ChIP-seq and DNase-seq) or annotated 

transcripts (RNA-Seq). Peaks residing near the HPV integration site on chromosome 

8q21.24 are represented by red points. 
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Figure C.3.36 | Reference bias in ENCODE peaks. 

Average degree of reference biases in ENCODE peaks within HRCN 3:2:1 regions are 

shown as box-and-whisker plots. Red bars represent the haplotype A fractional 

contribution when the haplotype A allele is the reference base. Blue bars represent 

haplotype A fractional contribution where the haplotype B allele is the reference base. 



  

Figure C.3.37 | Minimal impact of reference bias upon transcript quantitation.

HeLa S3 RNA-Seq reads (this study) were aligned using TopHat
well as to HeLa haplotype-specific reference genomes ("HeLa Haplotype A" and "HeLa Haplotype B"). 
Transcript abundances were estimated against RefGene annotations using Cufflinks
all transcripts with an RPKM score >=1. 
HeLa Haplotype B reference (y-axis). 
axis). c. Comparison between hg19 and HeLa Haplotype B reference (y
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3.37 | Minimal impact of reference bias upon transcript quantitation. 

study) were aligned using TopHat212 to the reference genome ("hg19"), as 
specific reference genomes ("HeLa Haplotype A" and "HeLa Haplotype B"). 

Transcript abundances were estimated against RefGene annotations using Cufflinks213 
all transcripts with an RPKM score >=1. a. Comparison between HeLa Haplotype A reference (x

axis). b. Comparison between hg19 and HeLa Haplotype A reference (y
Comparison between hg19 and HeLa Haplotype B reference (y-axis). 

 

to the reference genome ("hg19"), as 
specific reference genomes ("HeLa Haplotype A" and "HeLa Haplotype B"). 

 then compared for 
Comparison between HeLa Haplotype A reference (x-axis) and 

9 and HeLa Haplotype A reference (y-
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Figure C.3.38 | Reference 

bias removal. 

Reference haplotype 

imbalance for different 

HRCN classifications for in 

HeLa when aligning to a 

HeLa haplotype-resolved 

reference (left) or hg19 

(right). a. Reference bias in 

ChIP-seq peaks. b. 

Reference bias in RNA-Seq. 

Red bars represent the 

haplotype A fractional 

contribution where the 

haplotype A allele is the 

reference base. Blue bars 

represent haplotype A 

fractional contribution where 

the haplotype B allele is the 

reference base. The use of a 

haplotype-resolved HeLa 

reference greatly reduced the 

reference associated bias. 



  

  
Figure C.3.39 | Haplotype contributions of phased ENCODE data 

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

B in 1.5 Mb sliding windows. Each window is color coded by the haplotype A to 

haplotype B ratio. Dimmed panels indicate data sets with very insufficient numbers 

peaks for windowed analysis. 
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Figure C.3.39 | Haplotype contributions of phased ENCODE data (windows).

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

B in 1.5 Mb sliding windows. Each window is color coded by the haplotype A to 

haplotype B ratio. Dimmed panels indicate data sets with very insufficient numbers 

peaks for windowed analysis.  

(windows). 

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

B in 1.5 Mb sliding windows. Each window is color coded by the haplotype A to 

haplotype B ratio. Dimmed panels indicate data sets with very insufficient numbers of 



  

  

Figure C.3.40 | Haplotype contributions of phased ENCODE data (box plots).

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

B in 1.5 Mb sliding windows shown as box

indicate data sets with very low peak counts and thus can not be reliably analyzed.
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Figure C.3.40 | Haplotype contributions of phased ENCODE data (box plots).

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

B in 1.5 Mb sliding windows shown as box-and-whisker plots. Shaded out panels 

indicate data sets with very low peak counts and thus can not be reliably analyzed.

Figure C.3.40 | Haplotype contributions of phased ENCODE data (box plots). 

Haplotype ratios for a variety of ENCODE data tracks for haplotype A over haplotype 

. Shaded out panels 

indicate data sets with very low peak counts and thus can not be reliably analyzed. 
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Figure C.3.41 | Normalized haplotype imbalance scores by copy number. 

Normalized haplotype imbalance scores were calculated and split by the underlying 

HRCN (total CN : hapA CN : hapB CN). The majority of the HeLa genome has a 

higher haplotype A copy number (as per naming conventions) and therefore expected 

allele balances of haplotype A over total are shifted closer to 1 (except in haplotype-

balanced regions, ie 2:1:1 and 4:2:2). This results in a reduced ability to call outliers of 

excessive haplotype A contribution due to the reduced range of allele balance from the 

null hypothesis to 1 (eg. for HRCN 3:2:1, the range for haplotype B to be considered 

an excessive contributor is 0.33<B<=1 whereas the range for haplotype A is 

0.66<A<=1). 
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Figure C.3.42 | Haplotype 

imbalanced ENCODE peak 

percentages. 

Percentages of peaks within each 

ENCODE enrichment data set called as 

outliers at three thresholds (

b. P<1e-5, and c. P<1e-4) with respect 

to normalized Gaussian haplotype 

imbalance score. The dashed box in 

represents the scoring threshold used of 

a p-value of 1e-5 and normalized 

imbalance score of 0.25. 

Figure C.3.42 | Haplotype 

imbalanced ENCODE peak 

Percentages of peaks within each 

ENCODE enrichment data set called as 

(a. P<1e-6, 

4) with respect 

to normalized Gaussian haplotype 

imbalance score. The dashed box in b. 

represents the scoring threshold used of 

5 and normalized 
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Figure C.3.43 | ENCODE peak haplotype imbalance scoring.  

For each peak with an ENCODE data track, the normalized haplotype imbalance score 

is plotted against the –log10 p-value (the degree of significance against the null 

hypothesis of haplotype-balanced signal). Gray boxes with red points represent peaks 

called as outliers at a P<1e-5 and normalized haplotype imbalance score of <=0.25. 

Blue dots represent peaks near the HPV-18 / MYC locus. 
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  a 

 

 

b 

Figure C.3.44 | ENCODE peak reference bias effects on outlier calling. 
The use of a HeLa-specific haplotype-resolved reference eliminates the reference bias, but 
does not substantially change the set of peaks called as outliers. a. Haplotype imbalance 
scores when aligning to a haplotype-resolved HeLa reference (top) or hg19 (bottom). b. 
Percentage of peaks called as outliers with P<1e-5 and an imbalance score cutoff of  0.25. 
Using HeLa haplotype-specific reference sequences changes the set of outliers called by only 
0.606% 0.005%, and 0.081% for Pol2 ChIP-seq, CTCF ChIP-seq, and DNaseHS-seq, 
respectively. 



  

  

Figure C.3.45 | Phased ENCODE outlier analysis.

a. Ranked sliding window scores for ENCODE outliers. The window containing the 

HPV-18 integration and MYC loci is highlighted in red. 

top 50 scores from a

overlapping regions. Columns represent haplotype imbalance scores for haplotype A 

(red) and haplotype B (blue) for the ENCODE tracks across each region.
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Figure C.3.45 | Phased ENCODE outlier analysis. 

Ranked sliding window scores for ENCODE outliers. The window containing the 

18 integration and MYC loci is highlighted in red. b. Closer investigation of the 

a. c. Top 30 outlying windows after being condensed for 

overlapping regions. Columns represent haplotype imbalance scores for haplotype A 

(red) and haplotype B (blue) for the ENCODE tracks across each region.

Ranked sliding window scores for ENCODE outliers. The window containing the 

Closer investigation of the 

Top 30 outlying windows after being condensed for 

overlapping regions. Columns represent haplotype imbalance scores for haplotype A 

(red) and haplotype B (blue) for the ENCODE tracks across each region. 



  

Figure C.3.46 | ENCODE haplotype imbalances for HPV

Red peaks indicate haplotype A

number normalized haplotype imbalance scores. Letters represent regions 

corresponding to items in the schematic presented in 
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Figure C.3.46 | ENCODE haplotype imbalances for HPV-18 and MYC. 

Red peaks indicate haplotype A imbalance, blue peaks represent haplotype B for copy 

number normalized haplotype imbalance scores. Letters represent regions 

corresponding to items in the schematic presented in Figure 3.4a. 

 

imbalance, blue peaks represent haplotype B for copy 

number normalized haplotype imbalance scores. Letters represent regions 



  

Figure C.3.47 | Long range with 

a. ENCODE 5C chromatin interaction data (available only for the GM12878 cell line) 

demonstrates long-range interactions between 

highlighted region includes the site of HPV

GM12878 genome). b. Spanning reads from ENCODE ChIA

cells indicate long range integration between the HPV

locus. Teal profile represents Pol2 signal and contains peaks at the HPV

loci. 

198 
 

Figure C.3.47 | Long range with MYC from 5C and ChIA-PET data.  

ENCODE 5C chromatin interaction data (available only for the GM12878 cell line) 

range interactions between MYC and distal upstream sites. The 

highlighted region includes the site of HPV-18 integration (into the HeLa but not 

Spanning reads from ENCODE ChIA-PET data in HeLa S3 

cells indicate long range integration between the HPV-18 interaction and site and 

locus. Teal profile represents Pol2 signal and contains peaks at the HPV-

 

ENCODE 5C chromatin interaction data (available only for the GM12878 cell line) 

and distal upstream sites. The 

18 integration (into the HeLa but not 

PET data in HeLa S3 

18 interaction and site and MYC 

-18 and MYC 



  

  

Figure C.3.48 | Datasets and analyses for HeLa CCL

199 
 

C.3.48 | Datasets and analyses for HeLa CCL-2 and HeLa S3. 
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GLOSSARY 
 

This Glossary is provided as a reference to make my dissertation more accessible to readers who may 
not be familiar with the terminology of genomics. Some of the definitions here are adapted from the NCBI 
genomics glossary at http://www.ncbi.nlm.nih.gov/projects/genome/glossary.shtml, the NHGRI genomics 
glossary at http://www.genome.gov/glossary/, and Wikipedia. 

 

Alignment: Alignment is the process of matching two or more nucleic acid sequences to find similarities. 
There are many contexts and purposes for alignment, but one typical application is in resequencing of 
individuals from a species with a known reference genome (e.g., humans) for the purpose of identifying 
differences between the individual an the reference. 

Assembly: see Genome assembly 

Base: one of the chemical nucleotides incorporated into DNA or RNA: adenine (A), cytosine (C), guanine 
(G), thymine (T), or uracil (U). 

Base pair (bp): A base pair is two chemical bases hydrogen-bonded to one another forming a rung of the 
DNA double helix. A double-stranded genome sequence consists of a string of base pairs. Sequence 
lengths are typically stated in either bases or base pairs, which are equivalent, although the latter 
technically only applies to double-stranded sequence. A kilobase (kb), megabase (Mb), and gigabase 
(Gb) are respectively 103, 106, and 109 bases of length. 

Chromosome: A chromosome is a large molecule of DNA found in a cell, consisting of a primary DNA 
sequence with many proteins bound onto it, including chromatin and DNA binding proteins. In the human 
genome, there are 22 pairs of chromosomes as well as the X and Y sex chromosomes, and each 
chromosome has an average of 130 Mbp of DNA sequence length. 

Contig: Short for “contiguous sequence.”  When two sequences (e.g., reads) overlap at their ends, the 
sequences can be collapsed into a single, non-redundant sequence. Contigs can be combined into 
scaffolds, and contigs and scaffolds comprise assemblies. 

Contiguity: Long-range information about the relative positions of sequences in a genome. In genome 
assembly, it is comparatively easy to assemble reads into contigs representing non-repetitive genomic 
regions, but creating longer contigs is more difficult, as is determining the relative position of these 
contigs. Sequencing-based methods that provide contiguity information include mate-pair sequencing, 
fosmid sequencing, and Hi-C. 

Copy number variation (CNV): Large-scale structural variants in DNA that vary from individual to 
individual within a species. These include insertions, deletions, duplications, and complex multi-site 
variants that range from kilobases to megabases in size. 

Coverage: A measure of the quantity of shotgun sequencing. A genome assembly project is said to have 
1-fold or 1x coverage of reads if the total length of shotgun reads is equal to the genome size. The 
amount of coverage necessary to properly assemble a genome depends on the type and especially on 
the length of the reads. With Sanger sequencing, genome assemblies were typically created using 7x-8x 
read coverage; with Illumina sequencing, coverages in the range of 40x-60x are suggested. This increase 
in required coverage somewhat offsets the vast drop in the per-base cost of short-read sequencing. 

Draft assembly: This term generally refers to an assembly that is not yet finished but is of generally high 
quality. A draft assembly consists of contigs and scaffolds with an unknown relative order and orientation. 
These sequences are a useful substrate for genome assembly and annotation, and may be used as 
reference genomes, but do not fully describe the genome of the organism. 
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Deletion: see Indel 

De novo assembly: A de novo assembly in a genome assembly in which no information is known about 
the genome prior to the sequencing and assembly. This is contrasted with building an assembly off of 
existing linkage or physical maps of the genome, or assembling by comparing with the genome of a 
closely related species (assisted assembly). De novo is Latin for “from the beginning”. 

Diploid: A cell or organism that has paired chromosomes, one from each parent, is diploid. In all 
organisms that reproduce sexually, including humans, the majority of somatic (body) cells are diploid. 
Diploidy can give rise to heterozygosity. 

DNA: DNA (deoxyribonucleic acid) is the chemical name for the molecule that carries genetic instructions 
in all living things. The DNA molecule consists of two strands that wind around one another to form a 
shape known as a double helix. Each strand has a backbone made of alternating sugar (deoxyribose) 
and phosphate groups. Attached to each sugar is one of four bases. The two strands are held together by 
bonds between the bases; adenine bonds with thymine, and cytosine bonds with guanine. The sequence 
of the bases along the backbones serves as instructions for assembling RNA and protein molecules. 

Finishing: Genome finishing is the process of converting a genome assembly into a complete sequence 
that accurately represents biological reality. Because the finishing process is time- and labor-intensive, 
most genome assemblies are left unfinished to some degree. The human genome is still not fully finished. 

Fosmid: A cloning system based on the E. coli F factor. These clones have an average insert size of 40 
Kb, with a very small standard deviation. Fosmid end sequencing is a sequencing strategy that is often 
used to generate mid-range genomic contiguity. 

Gap: A region of the genome for which no sequence is currently available. Gaps may occur both within 
scaffolds (in which case they are represented as a set of Ns and may have a roughly known size) and 
between scaffolds. 

Gene: A gene is the molecular unit of heredity of a living organism. On a molecular level, it refers to some 
stretches of DNA that code for a polypeptide or for an RNA chain that has a function in the organism. The 
exact definition of a gene depends on functional analysis and is imperfectly delineated, as is the question 
of what constitutes “different” genes. 

Genome: The genome is the set of genetic material of an organism. In all organisms other than viruses, 
the genome is encoded in DNA and consists of one or more chromosomes. Every species has a genome, 
which is understood to be a rough representation of the “average” genome of a member of that species. 
In reality, every organism has a different species, and in fact every cell in every organism may have a 
slightly unique genome due to somatic mutations. 

Genome assembly: Genome assembly is the process of taking a large number of short DNA sequences 
(reads) such as are produced by sequencing machines, and putting them back together to create a 
representation of the original chromosomes from which the DNA originated. The term “assembly” also 
refers to the product of this process, i.e., “a genome assembly”. 

Genomics: A word coined in 1986, genomics refers generally to the study of genomes. Genomics may 
be thought of as a more high-throughput, 21st-century version of genetics, in which the power of 
contemporary computing and sequencing technologies are brought to bear. 

Germline mutation: A mutation in a germline cell. The germline cells are the sex cells (eggs and sperm) 
that are used by sexually reproducing organisms to pass on genes from generation to generation. 
Germline mutations are contrasted with somatic mutations, which are not passed on to offspring. If 
germline mutations are established within a population, they become variants. 

Haplotype: A contraction of “haploid genotype”. A haplotype is a set of DNA variants that co-occur on a 
chromosome and thus tend to be inherited together. 
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Haplotyping: Also known as haplotype phasing or haplotype resolution, this is the process of determining 
an individual’s haplotype from genotype by determining which heterozygous variants are present on the 
same haplotype as one another. There are many methods for haplotyping, some of which are molecular 
and some of which are statistical. 

Heterozygous: A diploid individual is said to be heterozygous at a particular genomic position if he/she 
has two versions of that position in his/her two copies of the same chromosome. 

Homozygous: Not heterozygous. A diploid individual is homozygous at a genomic position if the two 
alleles are the same. 

Human Genome Project (HGP): The Human Genome Project was an international project that mapped 
and sequenced the entire human genome, begun in 1990 and completed in April 2003. It made possible 
the 21st-century practice of human genetics and is widely cited as one of the greatest successes in 
scientific history. 

Illumina: A company based in San Diego, California that develops several integrated systems for 
biological applications, notably sequencing machines. Since its 2007 acquisition of Solexa, Illumina’s 
sequencing machines have succeeded in producing increasingly massive numbers of short reads and 
have been a major player in the field of next-generation sequencing. 

Indel: Short for “insertion or deletion”, an indel is a type of variation that consists of an insertion or 
deletion of a small number of bases. Indels are typically defined as <1 kbp; larger changes are classified 
as CNVs. 

Inversion: An inversion is a chromosomal rearrangement in which a segment of a chromosome is 
reversed end to end. An inversion occurs when a single chromosome undergoes breakage and 
rearrangement within itself. 

Library: A sequencing library is a collection of DNA fragments that are derived from the same original 
genomic source, and designed to be sequenced together on a sequencing machine. 

Mate-pair sequencing: A method of providing medium-range contiguity in genome assemblies. A 
fragment of roughly known length is isolated, and both its ends are sequencing, producing a pair of 
“paired reads” separated by a gap of approximately known length. 

Metagenome: A metagenome is a set of genomes that are present in an environmental sample, such as 
a microbial community. Metagenomics is the study of genetic material recovered directly from 
environmental samples. 

Metagenome assembly: An assembly made from shotgun sequencing and de novo assembly of a 
metagenome sample. A metagenome assembly consists of contigs with no species information. 
Assigning species information to contigs is called metagenomic deconvolution 

Metagenomic deconvolution: The process of separating a metagenome into individual genomes, by 
determining which contigs in the metagenome assembly are from the same species. Metagenomic 
deconvolution is one of the great challenges in metagenomics. There are many methods for 
metagenomic deconvolution, some of which are molecular and some of which are statistical. 

Microbial community: A community of microbes that live together in an environment. When it occurs 
inside or on the human body, often referred to as a microbiome. Microbial communities can be studied via 
metagenomics. 

Microsatellite: Microsatellite sequences, also known as short tandem repeats (STRs) or simple 
sequence repeats (SSRs) are repetitive DNA sequences, usually several base pairs in length. 
Microsatellite sequences are typically composed of non-coding DNA. 
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Mobile genetic element: A type of DNA that can move around within the genome, such as transposons, 
retrotransposons, plasmids, and bacteriophage elements. 

Mutation: A change in a DNA sequence. Mutations can result from DNA copying mistakes made during 
cell division, exposure to ionizing radiation, exposure to chemicals called mutagens, or infection by 
viruses. Mutations may be germline or somatic. 

Next-generation sequencing (NGS): A term for sequencing technologies developed since the end of the 
Human Genome Project in 2003, in contrast to the older method of Sanger sequencing. The high demand 
for low-cost sequencing has driven the development of NGS technologies that parallelize the sequencing 
process, producing thousands or millions or even billions of sequences concurrently. 

Nucleotide: see Base 

Pair: see Mate-pair sequencing 

Pan-genome: The set of all genes that are present in any strain of a bacterial species. Some bacteria, 
such as E. coli, have so much inter-strain variation in gene content that their pan-genomes are many 
times larger than any one strain’s genome. 

Quality score: A base quality score from a sequencing machine that indicates how confident the 
machine is in the base call. Quality scores are typically reported as phred scores. Alignment algorithms 
may also output mapping quality scores, indicating how confident they are in a mapping. 

Read: A sequence of DNA that is output (“read”) from a sequencing machine. Reads are the input to all 
assembly and alignment algorithms. Depending on the sequencing technology, reads may be of any 
length; they may have associated quality scores for their bases; and they may be paired. 

Read pair: see Mate-pair sequencing 

Reference genome: A genome assembly that is deemed sufficiently high-quality to be used as a 
reference in further studies of that species. Reference genomes are used as targets in alignment. There 
has been a marked decline in quality of reference genomes since the days of the Human Genome 
Project. 

Repeat: Repeats are a general term for all DNA sequences that occur more than once in a genome, 
including copy number variants, microsatellites, mobile genetic elements, and segmental duplications. 
Repeats are often polymorphic within a population. Repeats cause difficulty in genome assembly and 
alignment algorithms because a read falling within a repeat may not be unambiguously mappable to that 
instance of the repeat. 

Sanger sequencing: A method of DNA sequencing based on the selective incorporation of chain-
terminating dideoxynucleotides by DNA polymerase during in vitro DNA replication. Sanger sequencing 
was developed by Frederick Sanger and colleagues in 1977 and became the most widely used 
sequencing method for nearly three decades, until the advent of next-generation sequencing (NGS) 
technologies. 

Scaffold: A scaffold or supercontig is a set of two or more contigs that cannot be combined directly into a 
single contig, but are known to be close to each other with a gap between them. This commonly occurs 
using contiguity information such as can be obtained from paired plasmid ends. The process of combining 
contigs into scaffolds is called scaffolding. 

Segmental duplication: A region of genomic DNA that may be found at more than one site in the 
genome. Segmental duplications are typically defined as sequences of length >1 kbp sharing >90% 
sequence identity. 
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Sequencing:  Sequencing is the process of determining the precise order of nucleotides within a DNA or 
RNA molecule. It includes any method or technology that is used to determine the order of the four bases 
in a strand of nucleic acid. The first widely used sequencing method was Sanger sequencing. 

Short read: A read that is short, typically defined as <200 bp. Sequencing companies such as Illumina 
have created technologies to produce staggering numbers of short reads. However, short reads are 
difficult to use in assembly algorithms because they lack contiguity information and cannot bridge repeats. 

Shotgun sequencing: A sequencing method by which an entire genome is cut into chunks of discrete 
sizes and used to prepare genomic DNA libraries for sequencing and assembly. The term comes from the 
scattershot but high-volume nature of shotgun shooting. This is distinguished from targeted sequencing, 
in which certain regions of the genome are isolated and/or enriched prior to sequencing. 

Single-nucleotide variant (SNV): A single base difference found when comparing the same DNA 
sequence from two different genomes. When the two genomes are from different individuals in the same 
population, this is known as a single-nucleotide polymorphism, or SNP. 

Somatic mutation: A mutation in a somatic cell, i.e., any cell other than eggs and sperm and their 
progenitors. Somatic mutations may cause cancer and other changes to the cellular phenotype. Somatic 
mutations are contrasted with germline mutations, which are passed on to offspring. 

Structural variation: The variation in structure of an organism’s chromosome. It consists of many kinds 
of variation in the genome of one species, and usually includes microscopic and submicroscopic types, 
such as deletions, duplications, copy number variants, insertions, inversions and translocations. A 
structure variation is typically defined as affecting a sequence length about 1Kb to 3Mb. Like other 
mutations, structural variants may be germline or somatic. 

Translocation: A translocation is a structural variant caused by rearrangement of parts between 
nonhomologous chromosomes or different parts of the same chromosome. Translocations can be 
balanced (in an even exchange of material with no genetic information extra or missing) or unbalanced 
(where the exchange of chromosome material is unequal resulting in extra or missing genes). 

Variant: A variant is a region of the genome that varies between individuals. It initially occurs as a 
germline mutation but then becomes part of a population’s gene pool as it is passed down. Types of 
variants include single-nucleotide variants (SNVs), indels, and many types of structural variation. 
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