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Abstract  

 Chromatin structure plays an important role in gene regulatio n, especially in 

differentiating the diverse cell types in humans.  In this dissertation, we analyze the 

nucleosome positioning and open chromatin profiles genome -wide and investigate the 

relationship with transcription initiation, the activity of regulato ry elements, and 

expression levels.  We mainly focus on the results of DNase-seq experiments, but also 

employ  annotations from MNase -seq, FAIRE-seq, ChIP-seq, CAGE, and RNA 

microarrays.  Our methods are based on computational approaches including managing 

large data sets, statistical analysis, and machine learning.  We find that different 

transcription initiation patterns lead to distinct chromatin structures, suggesting diverse 

regulatory strategies.  Moreover, we present a tool for comparing genome-wide 

annotation tracks and evaluate DNase-seq against a unique assay for detecting open 

chromatin.  We also demonstrate how DNase-seq can be used to successfully predict 

rotationally stable nucleosomes that are conserved across cell types.  We conclude that 

DNase-seq can be used to study genome-wide chromatin structure in  an effort to better 

understand how it regulates gene expression.
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Chapter 1.  Introduction  

The main theme of this dissertation is the role of chromati n structure in the 

regulation of gene expression.  Gene regulation is a complicated field where there is still 

much unknown.  In humans, like all higher -order organisms, chromatin structure plays 

an important part in gene regulation, particularly at the tr anscriptional level, although it 

is not always clear whether it is a cause or effect.  Throughout this work, we take 

advantage of high-throughput technologies and human genome databases to examine 

diverse cell types.  In the process, we investigate the relationship of chromatin structure 

with RNA expression, transcription start sites, and transcription factors.  Our analysis 

focuses on computational approaches to nucleosome positioning and open chromatin 

but also touches on histone modifications and higher -order chromatin structure.  

1.1 Outline of Gene Regulation  

&ÌÕÌɯÙÌÎÜÓÈÛÐÖÕɯËÌÚÊÙÐÉÌÚɯÏÖÞɯÛÏÌɯÊÌÓÓɯÊÖÕÛÙÖÓÚɯÛÏÌɯÓÌÝÌÓɯÖÍɯÎÌÕÌɯɁÌß×ÙÌÚÚÐÖÕɂɯÖÙɯ

how much each gene product is synthesized.  The gene product is the manner by which 

the gene enacts its effect in the cell whether by forming a cellular structure or catalyzing 

reactions as an enzyme.  In the simplest model, called the Central Dogma, the DNA of a 

gene is transcribed into messenger RNA (mRNA) and then translated into the amino 

acid forming a specific pr otein in a one-way process [Crick 1970].  However, in reality, 

the process, especially in higher-order organisms like mammals, is complicated by the 

variable elements of genes [Section 1.1.1], exceptions to the model [Section 1.1.2], and 
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levels of gene regulation [ Section 1.1.3].  Chromatin structure also influences gene 

regulation in a manner t hat is not entirely understood [ Section 1.1.4]. 

1.1.1 Gene Elements  

Although translation of the mRNA into the protein or gene product begins at the 

designated start codon, the gene is transcribed from a location upstream of this 

translation initiation site, known as the transcription start site (TSS).  The location of the 

TSS is not easily recognized and there may, in fact, be more than one for a given gene 

[more in Section 1.3.2].   Similarly, translation ends at the stop codon but transcription 

continues until the  transcription termination site (TTS).  The DNA sequence from the 

322ɯÛÖɯÚÛÈÙÛɯÊÖËÖÕɯÈÕËɯÛÏÌɯÚÛÖ×ɯÊÖËÖÕɯÛÖɯ332ɯÈÙÌɯËÌÚÐÎÕÈÛÌËɯÈÚɯÛÏÌɯƙɀɯÈÕËɯƗɀɯÜÕÛÙÈÕÚÓÈÛÌËɯ

ÙÌÎÐÖÕɯȹƙɀɯÈÕËɯƗɀɯ431ȺɯÙÌÚ×ÌÊÛÐÝÌÓàȭɯɯ ËËÐÛÐÖÕÈÓÓàȮɯÛÏÌɯÎÌÕÌɯ×ÙÖËÜÊÛɯÐÚɯÖÍÛÌÕɯÕÖÛɯ

continuous from the start to stop codons within the initially transcribed pre -mRNA 

sequence.  Exons, the segments that code for amino acids in the protein, are interspersed 

with long, non -coding introns that spliced out of the pre -mRNA [Berget et al. 1977; 

Chow et al. 1977].  Both UTRs, as well as the introns, may contain regulatory elements 

that act in DNA or RNA form to influence expression of the corresponding gene or other  

nearby genes.  These extra elements add variety to the gene and allow fine regulation of 

expression.   
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1.1.2 DNA-RNA-Protein Exceptions  

The Central Dogma contends that each gene coded for in the DNA will lead to a 

single protein product.   Nevertheless, there are many exceptions to this rule, especially 

in higher -organisms like humans.  Different combinations of exons, called isoforms, 

created when certain alternate splice sites are used lead to different proteins that 

perform altered functions; this alte rnative splicing has been shown to be a widespread 

phenomenon in many species including humans [ McManus & Graveley 2011].  

Moreover, some genes are never intended to be translated from RNAs into proteins.  

These non-coding RNA genes (ncRNAs) perform their function as RNA molecules and 

come in many forms including transfer RNA (tRNA), ribosomal RNA (rRNA), small 

nucleolar RNAs (snoRNAs), small nuclear RNAs (snRNAs), and microRNAs (miRNAs) 

[Venter et al. 2001; IHGSC 2001].   Many of these ncRNAs play their own part in gene 

regulation: tRNAs and rRNAs are integral to translation of mRNAs into proteins.  In 

addition, miRNAs can regulate other genes post-transcriptionally by binding UTRs 

[Bartel 2004].   In some cases, the role of very small RNAs, called abortive transcripts, is 

ambiguous and may simply be a by-product of the transcription machinery [Holstege et 

al. 1997].  With more research, it is likely that the roles of these exceptions will continue 

to expand. 
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1.1.3 Levels of Gene Regulation  

Gene expression may be regulated at multiple stages in the pathway to a protein 

(or ncRNA).  Transcriptional regulation is concerned with transcription initiation and 

elongation.  The pre-initiation complex (PIC) including RNA polymerase II (PolII) must 

be recruited to the genomic region upstream of the TSS, called the promoter, in order for 

transcription by PolII to begin [Hager et al. 2009; Section 1.6].  This recruitment is 

controlled by the action of transcription factors (TFs) that may have enhancing or 

repressing effects [Farnham 2009; more in Section 1.3.3].  These TFs may bind to the 

proximal promoter or at distal sites that physically interact with the promoter [Hager et 

al. 2009;]. After transcription initiation, PolII may pause in its production of the mRNA; 

PolII  pausing can be a rate-limiting step in transcription elongation [Lis 1998].  Post -

transcriptional regulation generally acts through RNA secondary structure in the UTRs 

and can lead to RNA interference through microRNAs [ Bartel 2004], RNA localizing 

mechanisms [Shepard et al. 2003], and RNA degradation or decay [Beelman & Parker 

1995].  Alternative splicing may also be considered another form of post-transcriptional 

regulation since it affects expression, but there is evidence that it occurs co-

transcriptio nally [Han et al. 2011].  Translation, in analogy with transcription, may be 

regulated at initiation, with the recruitment of ribosomes by the complex of initiation 

factors [Maitra et al. 1982], or elongation by differential codon usage that influences the 

rate at which tRNAs retrieve amino acids to construct the protein [Gilchrist 2007].   The 
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resulting protein may itself be controlled by localizing signals [Huh et al. 2003] and 

protein decay by ubiquination [ Glickman  & Ciechanover 2002].  Post-translation al 

modifications to the amino acids provide a final level of regulation by altering the 

structural or chemical nature of the protein.  Together, these levels of regulation allow 

for fine tuning of expression on various time scales. 

1.1.4 Role of Chromatin Structure  

Chromatin structure largely impacts gene regulation at the transcriptional level.  

In the nucleus of eukaryotes, such as humans, nucleosomes are considered the basic unit 

of chromatin.  A nucleosome consists of approximately 147 bases of DNA wrapped 1.7 

times around a histone octamer [Richmond & Davey 2003].  Nucleosomes are connected 

by DNA linkers of varying length that are sometimes bound by histone H1 [Felsenfeld & 

Groudine 2003; Wang J-P et al. 2008]. Typically, nucleosomes regulate transcription by 

limiting the accessibility of DNA to TF binding [Felsenfeld & Groudine 2003].  

Chromatin remodelers ɬ such as the SWI/SNF family of proteins in humans ɬ may 

ÔÈÕÐ×ÜÓÈÛÌɯÏÐÚÛÖÕÌÚɯÛÏÙÖÜÎÏɯɁÉÙÌÈÛÏÐÕÎɂɯÞÏÌÙÌɯÛÏÌɯÈÚÚÖÊÐÈÛÌËɯ#- ɯÐÚɯÜÕÞÙÈ××ÌËɯÛÖɯ

expose regulatory sites, sliding nucleosomes, or nucleosome eviction [Felsenfeld & 

Groudine 2003]. 

On a larger scale, open chromatin regions that are nucleosome-depleted tend to 

contain the  regulatory elements mentioned above such as promoters, intragenic 

regulatoràɯÌÓÌÔÌÕÛÚȮɯÖÙɯËÐÚÛÈÓɯÍÌÈÛÜÙÌÚɯÚÜÊÏɯÈÚɯɁenhancersɂ that increase expression, 
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ɁÙÌ×ÙÌÚÚÖÙÚɂɯÛÏÈÛɯËÌÊÙÌÈÚÌɯÌß×ÙÌÚÚÐÖÕȮɯÈÕËɯɁÐÕÚÜÓÈÛÖÙÚɂɯÛÏÈÛɯÉÓÖÊÒɯÛÏÌɯÌÍÍÌÊÛÚɯÖÍɯÖÛÏÌÙɯ

elements or mark chromatin boundaries [Gross & Garrard 1988].  These regions may be 

constitutively active, operating in all cell types, or cell type -specific.    Under certain 

ÊÖÕËÐÛÐÖÕÚȮɯɁ×ÐÖÕÌÌÙɂɯ3%ÚɯÏÈÝÌɯÉÌÌÕɯÚÏÖÞÕɯÛÖɯÙÌÊÙÜÐÛɯÊÏÙÖÔÈÛÐÕɯÙÌÔÖËÌÓÌÙÚɯÛÏÈÛɯÌß×ÖÚÌɯ

chromatin at particular loci [Hager et al. 2009].   In other regions, large arrays of 

nucleosomes may be further compacted to form higher order structures that may silence 

or generate physical interactions for the underlying DNA [more in Section 1.6].  Several 

technologies have been developed that help probe the domain of chromatin structure. 

1.2 Technologies for Genomic Analyses  

Large-scale studies of gene regulation depend upon high-throughput 

technologies to assay various aspects of genomics.  Experiments on chromatin structure 

and its role in gene regulation, in particular, have benefit ted from the ability to 

investigate genome-wide patterns.   Microarrays and Next -Generation Sequencing 

(NGS) have been expanded the scope of traditional analyses to develop X-chip and X-

seq, respectively, where X is the original analysis which may be ChIP [Section 1.3.3], 

MNase [Section 1.4] or DNase [Section 1.5].  These technologies allow researchers to 

efficiently gather data from the vast human genome and have been used to expand on 

what was learned from the original Human Genome Project with the  subsequent efforts 

by ENCODE to annotate the functional genome.   
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1.2.1 Microarrays and X -chip  

Microarray experiments, also called chip arrays, are a technology whereby a 

collection of DNA oligomers are attached in a 2D array to a solid surface [Lipshutz et al. 

1999; Eisen & Brown, 1999].  DNA or RNA fragments from a sample are generally 

fluorescently labeled and hybridized to the microarray in order to assess their relative 

quantities; a test sample is often compared to a control which is either on a separate 

microarray or labeled with a distinct colour [Eisen & Brown, 1999].  As microarrays 

matured, a greater number of oligomers were fit onto a more miniaturized chip  

[Lipshutz et al. 1999].  Standard microarrays are commonly used to compare 

transcription levels between samples [see Section 1.3.1 for details] but can be adapted for 

other purposes such as genotyping [Lipshutz et al. 1999]. 

In an X-chip experiment, the selected sample resulting from a genomic assay is 

hybridized to a microarray; if necessary, the sample is first amplified.  X -chip 

microarrays may contain unique oligomers distributed among the gene sequences or 

other significant set.  In special cases or with small genomes, tiling arrays with oligomers 

that are regularly spaced are used.  High-through put X-chip experiments greatly 

increase the amount of data retrievable from assays exploring gene regulation [Eisen & 

Brown, 1999], but, more recently, X-chip is being supplanted by X-seq.  
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1.2.2 Next -Generation Sequencing (NGS) and X -seq  

In 1977, Sanger et al. developed a method for determining the sequence of a 

length of DNA by taking advantage of chain -terminating dideoxynucleotides.  Over 

ÛÐÔÌȮɯɁ2ÈÕÎÌÙɯÚÌØÜÌÕÊÐÕÎɂɯÞÈÚɯÐÔ×ÙÖÝÌËɯÛÏÙÖÜÎÏɯÈÜÛÖÔÈÛÐÖÕɯÈÕËɯÛÏÌɯÜÚÌɯÖÍɯ

fluorescently labeled nucleotides [Smith et  al 1985; Smith et al. 1986].  A version called 

Capillary Array Electrophoresis (CAE) sequencing was primarily used for the Human 

Genome Project [Venter et al. 2001; IHGSC 2001].  Since then, many companies have 

introduced new techniques, often called next -generation sequencing (NGS), which 

increase the output ɬ measured in number of sequenced bases ɬ of a single run by 

massively parallel sequencing of millions of DNA molecules [Mardis 2008].  Although 

NGS methods produce more reads and more sequenced bases overall, the length of 

reads produced may be much lower: originally between 35 and 250bp with NGS instead 

of around 1000bp with Sanger.  This creates bioinformatics challenges for aligning the 

shorter reads to reference genomes and building a genome de novo [Pop & Salzberg 

2008].  On the other hand, NGS is much faster and cheaper than traditional Sanger 

sequencing and brings the goal of the $1000 human genome into reach [Mardis 2008].  

The most well-known NGS systems include Roche 454 using pyrosequencing; 

Solexa/Illumina using sequencing by synthesis; and Applied Biosystems using 

Sequencing by Oligo Ligation and Detection (SOLiD) [Mardis 2008].  These systems 

have evolved since they were first introduced to increase read length (some approaching 
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1000bp), increase total read output, reduce run-time, and improve accuracy [Liu et al. 

2012].  More recently, Illumina and a new company, Ion Torrent, introduced personal 

genome machines (PGM) that are smaller in size and allow for greater turnover [Liu et 

al. 2012].  Third generation sequencers, such as offered by Pacific Biosciences, allow for 

sequencing from the template of a single DNA molecule [Liu et al. 2012].  Although 

single-molecule sequencing is not yet in widespread use, it is an attractive option 

because it eliminates amplification bias and increases individual read length to well 

above 1kbp [Metzker 2010].  Over time, new sequencing methods and improvements on 

earlier ones are likely to become developed. 

Similar to microarrays, many traditional locus -specific genomic analyses have 

been expanded into high-throughput genome -wide assays by NGS, often called X-seq 

where X is the name of the analysis.  X-seq has advantages over X-chip because it is less 

biased by hybridization noise and has higher coverage, especially in repetitive regions 

[Park 2009].  However, NGS methods may introduce their own amplification biases 

[Park 2009].  Most current studies tend to use X-seq rather than X-chip as evidenced by 

the evolution of ENCODE studies in the human genome.  

1.2.3 Human Genome Project (HGP) & Encyclopedia of DNA Elements 
(ENCODE)  

The goal of Human Genome Project (HGP) was to sequence the entire genome of 

homo sapiens sapiens and was executed simultaneously by the public [IHGSC 2001] and 

private [Venter et al. 2001] sectors.  The human genome consists of approximately 3.2 
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billion bases on 22 pairs of somatic and one pair of sex chromosomes (X & Y).  They 

initially found more than 1.4 million Single Nucleotide Polymorphisms (SNPs or bases 

that differ between individ uals) and that is just a fraction of the total expected [IHGSC 

2001; Venter et al. 2001].  They also estimated that there were 30,000-40,000 protein 

coding genes whose exons only covered 1-2% of the genome (another 24% for introns).  

As the public group co ntinued their effort to fill gaps, they adjusted this estimate to 

20,000-25,000 protein-coding genes [IHGSC 2004].  Neither of these estimates included 

ncRNAs, of which several examples were already found.  The dearth of genes led 

researchers to wonder how this accounted for the complexity of the human organism 

and about ÛÏÌɯ×ÜÙ×ÖÚÌɯÖÍɯÛÏÌɯÙÌÔÈÐÕÐÕÎɯɁÑÜÕÒɂɯ#- ȭ 

The ENCODE (ENCylopedia of DNA Element) project was presented as a 

follow -up to the HGP by further annotating gene features and discovering novel 

regulatory elements.  The pilot project, completed in 2007, focused on 1% of the human 

genome and involved a collaboration of 35 different research groups with more than 200 

datasets [ENCODE 2007].  The datasets were both experimentally produced and 

computat ionally compiled and can be classified as related to Transcription (RNA 

expression microarrays, capped analysis of gene expression [CAGE in Section 1.3.2], 

paired end tags [PET], rapid amplification of cDNA ends [RACE], and GENCODE 

annotation); TFs (sequence tag analysis of gene expression [STAGE], chromatin 

immuno -precipitation [ChIP in Section 1.3.3]); and Chromatin Structure (DNase [Section 
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1.5]; Formaldehyde Assisted Identification of Regulatory Elements; histone ChIP -chip 

[Section 1.4.3]).  The 30 million bases incorporated into the analysis consisted of half 

random and half well -characterized genomic regions.  For this study, a tiling microarray 

covering all these regions was designed for high-throughput analysis and used by many 

of the experiments.  The ENCODE groups suspected that ncRNAs were more prevalent 

than originally thought.  In addition, much of the genome was transcribed without 

obvious roles for the resulting transcripts.  

The next phase of the ENCODE project expanded the work to the entire genome 

and made use of NGS technology instead of tiling arrays [ENCODE 2012].   In addition 

to the previous methods now adapted to sequencing, this scale-up also included 3D 

chromatin interactions experiments such as 3C and ChIA-PET.  It concluded that over 

80% of the genome is covered by some biological element, as defined by ENCODE, in at 

least one cell type. These elements may be transcribed or play a transcriptional 

regulatory role such as enhancer, repressor, or insulator as evidenced by the presence of 

one or more DHS site, FAIRE site, TF binding site,  or histone modification.  The results 

also explored the relationship between different assays and when they co-occur.  The 

incorporation of genome -wide association study (GWAS) data demonstrated an 

enrichment of influential SNPs mapping to non -coding ENCODE regulatory elements 

that might influence expression and phenotype.  The ENCODE groups produced 

numerous annotation datasets that are available and can viewed online at the UCSC 
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Genome Browser [Kent et al. 2009; http://genome.ucsc.edu/cgi-bin/hgGateway].  These 

experiments, along with similar ones performed by other researchers, provided insights 

on transcriptional regulation and chromatin structure that have laid the foundations for 

future studies.  

1.3 Experiments to Investigate Transcriptional Regulation  

The influence of chromatin structure on transcriptional regulation is seen in 

various processes including the expression of RNA, the location(s) of the TSS, and the 

binding of TFs.  For each of these, researchers have developed high-throughput 

experiments for genome-wide investigations.  

1.3.1 RNA Expression  

RNA abundance is often used as a proxy for expression or transcription rates, 

although it is less accurate as a measure of protein synthesis.  Early studies of RNA 

profiles required time -consuming methods such as Northern blotting, expressed 

sequence tags (ESTs), and serial analysis of gene expression (SAGE) [Malone & Oliver 

2011].  The advent of microarrays allowed for efficient, high -throughput quan tification 

and was first demonstrated in in 1995 [Schena et al.].   Recently, NGS was applied to the 

challenge with the development of RNA -seq to identify the origin of RNA transcripts by 

sequencing.  Although microarrays are still generally cheaper, RNA -seq at sufficient 

density enables researchers to address more specific issues of exon usage, splicing, 

SNPs, and novel transcripts [Malone & Oliver 2011].  Moreover, RNA -seq more 
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accurately measures abundance at high and low extremes.  However, microarrays 

remain widely used because they are often sufficient to gauge overall RNA expression. 

1.3.2 Transcription Start Sites (TSSs) & Cap Analysis of Gene 
Expression (CAGE)  

TSSs are more dynamic and tied to gene regulation than was previously 

believed.  In practi ce, most genes initiate transcription from more than one location and 

any base that begins a transcript may be considered a TSS [Suzuki et al. 2001].  Cap 

Analysis of Gene Expression (CAGE) technology was developed as a quantitative 

measure of RNA abundance and a method to localize TSSs by capturing and sequencing 

ÈɯÚÔÈÓÓɯÍÙÈÎÔÌÕÛɯÈÛɯÛÏÌɯƙɀɯÌÕËɯÖÍɯÊÈ××ÌËɯÛÙÈÕÚÊÙÐ×ÛÚɯȻ*ÖËáÐÜÚɯet al. 2006; Shiraki et al. 

2003].  They found a high variability in the location of CAGE tags from the start of 

transcripts: they did  ÕÖÛɯÈÓÞÈàÚɯÔÈ×ɯÛÖɯÛÏÌɯƙɀɯÌÕËɯÖÍɯÎÌÕÌÚɯȻShiraki et al. 2003].  

Moreover, CAGE tags representing differential TSS usage could have downstream 

effects such as alternative splicing and different isoforms [Shiraki et al. 2003].   

More recently, the FANTOM (Fun ctional Annotation of Mammalian Genome) 

consortium at RIKEN Omics Science Center embarked on an in-depth, genome-wide 

CAGE analysis of various mouse and human cell lines [Kawaji et al. 2009].  For a gene 

with multiple TSSs mapping to the promoter, the CAGE  tags were clustered into 

overlapping groups that were thought lead to the same gene product even though they 

may have been distributed over a large area.  The tag clusters were then classified by 

their distribution: single dominant peak (SP) described clu sters with a majority of tags 
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spanning at most four bases and the remaining broad clusters were divided into general 

broad distribution (BR), broad distribution with a dominant peak (PB) or multimodal 

(MU) depending on their distributions [Carninci et al. 2006].  The broad clusters, which 

were over-represented in mammals, were associated with ubiquitously expressed genes 

with CpG island promoters while the peaked clusters tended to be more selectively 

expressed and their promoters contained TATA boxes [Carninci et al. 2006].  As seen 

ÉÌÍÖÙÌȮɯÔÈÕàɯ322ɯÊÓÜÚÛÌÙÚɯËÐËɯÕÖÛɯÔÈ×ɯÛÖɯÛÏÌɯƙɀ431ȯɯÛÏÌÙÌɯÞÌÙÌɯÕÜÔÌÙÖÜÚɯÐÕÚÛÈÕÊÌÚɯÖÍɯ

ÌßÖÕÐÊɯ×ÙÖÔÖÛÌÙÚɯÈÕËɯƗɀɯ431ɯÈÕÛÐÚÌÕÚÌɯÛÙÈÕÚÊÙÐ×ÛÐÖÕɯȻ"ÈÙÕÐÕÊÐɯet al. 2006].  Regardless of 

the locations, transcription preferentially began at  a pyrimidine -purine (C or T followed 

by G or A) dinucleotide [Carninci et al. 2006]. The raw results of this and further 

analyses are available from the FANTOM consortium on their website [Kawaji et al. 

2009; http://fantom.gsc.riken.jp/4/].   

1.3.3 Transc ription Factors (TF) and Chromatin Immuno -Precipitation 
(ChIP) 

TFs are proteins that play a big role in gene regulation by binding to DNA, 

sometimes indirectly such as part of a multi -protein complex, and influencing the rate of 

transcription.  Chromatin I mmuno -Precipitation (ChIP) was designed to detect the in 

vivo binding of a TF of interest to a specific DNA locus by the creation crosslinks with 

formaldehyde, sonication to fragment the DNA, and immuno -precipitation with an 

antibody chosen to identify the  protein [Solomon et al. 1988].   The method has been 

widely used and applied to many different proteins including histone variants and 
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modifications [Kuo & Allis 1999; Orlando 2000; Section 1.4.3].  An antibody that 

effectively and discriminatively binds to the protein of interest and an untreated control 

sample for comparison are required to perform a ChIP experiment.  ChIP-chip using 

microarrays [Ren et al. 2000; see Section 1.2.1] and ChIP-seq using NGS [Robertson et al. 

2007; see Section 1.2.2] were developed as high-throughput options for genome -wide 

analysis of TF binding.  The results of these experiments can be compared with RNA 

expression profiles to determine the effect of the TF binding on transcription, although 

multiple TFs acting in a combinat orial manner may be confounding  [Farnham 2009]. In 

one instance, ChIP was used genome-wide in mouse  to identify enhancers by the 

binding of p300 [Visel et al. 2009]. 

When analyzing the results of ChIP experiments, it can be difficult to distinguish 

direct from indirect binding.  One solution is to determine sequence motifs, which 

represent the binding preferences of sequence-specific TFs, empirically through in vitro 

binding assays or computationally from a series of binding sites [Bulyk 2003].  Because 

these motifs are often degenerate and do not represent exact matches, they are defined 

probabilistically based on the observed usage of each base at every location of the motif.  

Transfac, JASPAR, and UniPROBE are among the databases that store the preferences 

for countless proteins in the form of position weight matrices (PWMs) [Wingender et al. 

1996; Sandelin et al. 2004; Newburger & Bulyk 2009].  Both in vivo ChIP analyses of TF 

binding and motif preferences are useful for investigating transcriptional regu lation.  
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1.4 Nucleosomes & Micrococcal Nucle ase (MNase) 

1.4.1 MNase Links Nucleosomes with Expression  

Early studies on yeast promoters investigated the role of nucleosome presence 

and position in gene regulation.   Micrococcal nuclease (MNase) can be used to locate 

the genomic positions of nucleosomes by digesting in the linker (unbound DNA 

between two nucleosomes); the treatment is typically followed by hybridization to 

determine cleavage sites such as Southern blot ɬ gel electrophoresis, radioactive labeling 

of a particular locus of interest, and transfer to nylon membrane [Almer & H örz 1986]. 

Nucleosomes were shown to inhibit transcription initiation when they covered the 

promoter but not elongation when they were found downstream [Lorch et al. 1987].  On 

the PHO5 locus, it was shown that nucleosome structures at the promoter were 

disrupted upon activation of the gene; however, artificially maintaining nucleosome 

stability caused the gene to remain inactive [Straka & Hörz 1991].  Likewise, it was 

demonstrated that specific TFs were required to displace nucleosomes at the Gal1 locus 

[Lohr & Lopez 1994].  Together, these studies link nucleosomes with expression at 

individual loci, but genome -wide nucleosome maps are necessary to determine whether 

these associations are generally maintained, to examine regions at higher resolution, and 

to search for larger scale patterns. 
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Figure 1-1: Pipeline of MNase Experiments  

Mnase experiments may end in Southern blots [Almer & H örz 1986], tiling arrays 

[Yuan et al. 2005; Lee et al. 2007], and high-throughput sequencing [Schones et al. 

2008; Valouev et al. 2011; Gaffney et al. 2012] 
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1.4.2 Nucleosome Maps  

More recently, various efforts have been put forth to map nucleosome positions 

across whole genomes.  They sought to expand the model of nucleosomes at promoters 

as well as describing nucleosome positioning genome-wide and its relation to gene 

regulation.  Nucleosomes can either be described by the density of histones (occupancy) 

or by the extent to which histones align ( positioning) over a given DNA sequence [Pugh 

2010].  Nucleosome positioning can be further broken down into translational ɬ the 

stretch of DNA  wrapped around the histone octamer, or rotational ɬ the orientation of the 

DNA relativ e to the histone surface [Albert et al. 2007].  Since the DNA helix completes 

one turn in about 10 bases, a translational shift of this length may not change the 

rotational setting [Albert et al. 2007]. 

So far, genome-scale nucleosome maps have been produced for several different 

organisms. The earliest, in yeast, used MNase treatment followed by hybridization to 

tiling microarrays of the whole genome and revealed that nucleosomes were highly 

abundant over gene bodies relative in to intergenic sites [Yuan et al. 2005].  This study 

was followed by another at higher resolution, also in yeast, that provided genome -wide 

nucleosome occupancy [Lee et al. 2007].  It highly agreed with the previous study and 

provided a more detailed picture of nucleosome positioning  around promoters [Lee et al. 

2007].  Next, MNase-seq applied to larger genomes provided comprehensive maps of 

nucleosomes in Drosophila melanogaster (fruit fly) and humans that demonstrated only 
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small differences in exact promoter nucleosome positions between species [Mavrich et al. 

2008b; Schones et al. 2008].  The human study compared CD4+ T-cells that were either 

resting or activated; nucleosome positioning was correlated with expression and PolII 

binding [Schones et al. 2008].  Moreover, human genes exÏÐÉÐÛɯÈɯƙɀɯÕÜÊÓÌÖÚÖÔÌɯÍÙÌÌɯ

region (NFR) at the TSS followed by well-positioned downstream nucleosomes and a 

less-ËÌÍÐÕÌËɯƗɀɯ-%1ɯÈÛɯÛÏÌɯ332ɯȻ2ÊÏÖÕÌÚɯet al. 2008; Mavrich et al. 2008a].  Investigation of 

replication origins in yeast demonstrated that they al so exhibit defined nucleosome 

positioning.  M ore recently, nucleosome maps in human granulocytes, CD4+ T-cells, and 

CD8+ T-Cells allowed a comparison across cell types and the estimate that 

approximately 20% of the genome contains well-positioned nucleosomes [Valouev et al. 

2011].   Nucleosomes were also mapped in several lymphoblast cell line (LCLs) where 

they found long arrays of nucleosomes, particularly at pericentromeric locations 

[Gaffney et al. 2012]. 

Various models have been proposed to explain nucleosome positioning across 

the genome.  Satchwell et al. proposed that nucleosomes had sequence preferences that 

determined their positions by affecting the ability of the DNA to bend around the 

histone [1986].  These sequence preferences, especially the periodic pattern of adenosine 

(A) and thymine (T) dinucletotides, may account for approximately 50% of nucleosome 

positioning [Segal et al. 2006].  Comparison to in vitro  data where MNase-seq is 

performed on naked DNA mixed with loose histones suggests that sequence-based 
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positioning is more prevalent in yeast than in humans [Kaplan et al. 2009, Valouev et al. 

2011].  Alternatively, nucleosome positioning may result from constrained nucleosomes 

at barrier elements ɬ such as TSS, TTS, and TF binding sites ɬ wi th progressively more 

variably -positioned nucleosomes in between [Mavrich et al. 2008a].   Although sequence 

patterns may better explain rotational positioning, statistical positioning may have more 

influence on translational positioning [Zhang et al. 2009]. In reality, nucleosome 

positioning is likely determined by a balance of these two models and external factors; 

predicting nucleosome positions is complicated by the action chromatin remodelers 

[Jiang & Pugh 2009].  In addition to nucleosome positioning,  MNase-seq may also be 

used to map post-translational histone modifications.  

1.4.3 Histone Modifications & Variants  

The presence of various histone modification and variants may give clues as to 

the regulatory function of the underlying DNA.  The histone o ctamer consists of a two 

identical tetramers of histones H2A, H2B, H3 & H4 that may be post -translationally 

modified on their N terminal tails [Barski et al. 2007].  In addition, certain histones may 

be substituted with special variants like H2A.Z and H3.3  [Jin et al. 2009].  These histone 

variants and modifications may be associated with common genomics features and 

repression or activation of genes [Barski et al. 2007].  A histone modification is described 

by its histone, amino acid type, amino acid posit ion, type of modification (methylation, 

acetylation, phosphorylation, etc.) and number of groups added if applicable: for 
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example, H3K4me2 indicates that the fourth lysine on the tail of H3 is di -methylated.  In 

one of the first large-scale, multi-modifica tion studies, the Zhao lab performed MNase 

followed by ChIP-seq in humans on twenty different methylations at arginine (R) or 

lysine (K) [Barski et al. 2007] and 18 acetylations [Wang Z et al. 2008].  In order to 

categorize the associations of various modifications with gene regulation, H3K4 

methylations were linked with actively expressed genes, H3K27 methylation was 

associated with repression of transcription, and acetylation overall was positively 

correlated with expression [Barski et al. 2007; Wang Z et al. 2008].  Many of the 

remaining modifications were not obviously connected with transcription in CD4+ T -

cells.  Some modifications may have a more complex role or act in combinatorial 

manner; a module of 17 modifications was often detected together at promoters [Wang 

Z et al. 2008].  Nucleosomes containing either H2A.Z or H3.3 histone variants tended to 

occur near TSS and were associated with expression, but the double variant was found 

to be unstable and possibly overlooked at the NFR because they are disrupted under 

certain experimental conditions [Jin et al. 2009].   Multiple attempts to classify genomic 

regions by their repertoire of histone modifications have expanded the known 

associations with active and repressed promoters, strong and weak enhancers, 

heterochromatin, transcribed regions, insulators, and repetitive elements [Ernst & Kellis 

2010; Ernst et al. 2011; Hoffman et al. 2012].    Many of these regulatory elements are also 

marked by open chromatin.   
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1.5 Open Chromatin & DNase 

1.5.1 Origins  of DNase assay  

Wu and Elgin were the first to expose cellular chromatin from Drosophila to 

DNaseI, one of a family of nucleases that digest DNA, followed by Southern blotting in 

order to detect digestion at specific loci [1979a; 1979b].  They found that each locus 

demonstrated its own distinctive pattern of digestion with defined bands of 

heterogeneous size that resulted from cleavage sites outside of nucleosomes [Wu et al. 

1979a].  At the loci of the major heat shock protein in Drosophila, they found a bl urring 

of the bands and loss of higher-order fragments upon activation by heat shock that 

suggested increased susceptibility to DNaseI [Wu et al. 1979b].  

 A variety of subsequent DNaseI studies showed several characteristics tended to 

be true of all open chromatin sites that were preferentially digested by DNaseI.  These 

DNase Hypersensitive (DHS) sites were nucleosome-depleted and indicated the 

presence at functional elements, such as enhancers, silencers, promoters, terminators, 

replication origins, and recombination loci [Gross and Garrard 1988].     Some DHS sites 

ÞÌÙÌɯÊÖÕÚÛÐÛÜÛÐÝÌÓàɯÈÊÛÐÝÌȮɯÞÏÐÓÌɯÖÛÏÌÙÚɯÞÌÙÌɯÐÕËÜÊÐÉÓÌɯÚÐÛÌÚɯÛÏÈÛɯÏÈËɯÛÖɯÉÌɯɁÛÜÙÕÌËɯÖÕɂɯ

[Gross and Garrard 1988].  Consistent with early reports, each DHS site had a 

characteristic morphology  as visualized by the distribution of bands after DNaseI 

digestion and gel electrophoresis [Gross and Garrard 1988].  This morphology may 

result from structural features of the DNA or sequence biases in DNaseI digestion.  A 
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high -resolution analysis of the fine structure of DNaseI digestion could reveal more 

about activity there.  

DNaseI can also digest outside of DHS sites.  When DNaseI was performed on 

isolated mononucleosomes, the DNA fragments on the gel showed digestion at ~10bp 

intervals extending for a pproximately 160bp [Noll 1974; Lutter 1979].  This is likely 

related to DNaseI digestion in the minor groove of DNA which is exposed only once a 

turn when wrapped around a histone octamer [Cousins et al. 2004].  Moreover, multiple 

nucleases that cleave one #- ɯÚÛÙÈÕËɯÈÛɯÈɯÛÐÔÌɯËÌÔÖÕÚÛÙÈÛÌËɯÈɯÚÛÈÎÎÌÙÌËɯ×ÈÛÛÌÙÕɯÖÍɯƙɀɯ

ÈÕËɯƗɀɯÊÜÛÛÐÕÎɯÞÐÛÏɯÛÏÌɯ#-ÈÚÌ(ɯÈÝÌÙÈÎÐÕÎɯÈÛɯa 3bp offset [Sollner-Webb et al. 1979].  

General features of DNase digestion within and outside of DHS can be verified by 

genome-wide studies. 

1.5.2 Evolution of high -throughput DNase  

The scale of DNase experiments in humans has expanded with the development 

of high -throughput technologies.   In an attempt to simultaneously  target multiple 

genome regulatory elements in CD4+ T-cells, around 5000 DNaseI cleavage sites were 

cloned and sequenced to determine their DHS of origin  [Crawford et al. 2004].  They 

found that these sites tended to map near genes actively transcribed in CD4+ and 

predicted that 100,000 DHS sites exist in a single cell line [Crawford et al. 2004].  The use 

of massively parallel signature sequencing (MPSS) expanded the number of cleavage 

sites able to be found by identifying 14,000 clusters from 160,000 sequencing tags 
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[Crawford et al. 2006a].  This study also validated prospective DHS sites by the gold 

standard of quantitative PCR and checked the activity of isolated DHS sites in other cell 

types [Crawford et al. 2006a].  Another approach to high-resolution DNase used tiled 

microarrays within the 1% of the human genome selected by ENCODE and investigated 

CD4+ T-cells as well as B lymphoblasts [Crawford et al. 2006b].  In this case, genomic 

DNA was digested with different concentrations of DNaseI, blunt -ended, ligated to 

biotinylated linkers to label, sonicated to fragment DNA, run on st reptavidin column to 

enrich for labeled fragments, joined to a second linker, amplified by PCR, and 

hybridized to the microarrays [Crawford et al. 2006b].  The top 5% of oligonucleotides 

were considered positive hits for DNaseI digestion and 500bp windows with an 

overrepresentation of hits compared to a randomly -sheared control were considered 

DHS sites [Crawford et al. 2006b].  A similar DNase-chip protocol was used on 6 

different cell types ɬ CD4+ T-cells, B lymphoblasts, erythroleukemia, undifferentiated  

embryonic stem cells, fetal lung fibroblasts, and cervical carcinoma cells ɬ and found 

that 22% of DHS sites were present in all of them [Xi et al. 2007].  In each cell type, 2-3% 

of the genome was covered by DHS sites; 8% of genome was covered by a DHS site in at 

least one of the cell types. The advent of NGS allowing higher resolution on more cell 

types would enable a better estimate the number of DHS sites and allow investigation 

into more specific features. 
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Figure 1-2:  Pipeline of DNase Experiments  

DNase experiments may end in Southern blots [Wu et al. 1979a; Wu et al. 1979a], 

tiling arrays, and high -throughput sequencing.  In the Crawford protocol for DNase -

chip and DNase-seq, the DNaseI digestion sites are size-selected, blunt ended, ligated 

to biotinylated linkers, sonicated to shear DNA, enriched on Streptavidin column, 

and amplified before the final step [Crawford et al. 2006b, Boyle et al. 2008a] 
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1.5.3 Applicat ions of DNase -seq 

The DNase-chip method was adapted to NGS technology with high 

correspondence by simply replacing the last hybridization step with sequencing [Boyle 

et al. 2008a].  Analysis of this high-resolution DNase-seq data required a more 

complicated processing pipeline that smoothed the data using a kernel density function 

ÈÕËɯÊÈÓÓÌËɯÌÕÙÐÊÏÌËɯÙÌÎÐÖÕÚɯÖÙɯɁ×ÌÈÒÚɂɯÞÐÛÏɯÚÐÎÕÈÓɯÖÝÌÙɯÈɯÊÌÙÛÈÐÕɯÛÏÙÌÚÏÖÓËɯȻ!ÖàÓÌɯet al. 

2008b; details in Section 1.7.1].  In the first cell type analyzed, CD4+ T-cells, a large 

proportion of the strongest DHS sites were found at promoters [Boyle et al. 2008a].  

These results also reproduced the ~10bp period of DNase digestion around nucleosomes 

[Boyle et al. 2008a].  The same protocol used on lymphoblast cell lines (LCLs) from 

different individuals showed that SNPs can influence DHS of sites [Degner et al. 2012]. 

An alter native approach to high -throughput DNase based on isolating fragments 

digested by DNaseI on both ends was originally performed in yeast [Sabo et al. 2006].  A 

double-ÏÐÛɯɁËÐÎÐÛÈÓɂɯ#-ÈÚÌ-seq protocol was demonstrated in mammals to study the 

action of glucocorticoid receptors before and after hormone treatment of mouse cells 

[John et al. 2012].  

TFs binding within DHS sites protect the underlying bases from digestio n, 

ÓÌÈÝÐÕÎɯÈɯɁÍÖÖÛ×ÙÐÕÛɂɯÐÕɯÛÏÌɯ#-ÈÚÌɯÚÐÎÕÈÓɯÈÉÖÜÛɯÛÏÌɯÚÐáÌɯÖÍɯÛÏÌɯÉÐÕËÐÕÎɯÚÐÛÌɯȹȃƖƙɯÉÈÚÌÚɯÐÕɯ

this experiment) [ Galas & Schmitz 1978].  Several footprints for different TFs may bind 

within the several hundred bases that comprise an average-sized DHS site [Boyle et al. 
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2008a].  Combining footprints with known motifs can give strong evidence of direct 

binding that is analogous to ChIP results.  Genome-wide footprinting was demonstrated 

in yeast by digital DNase -seq that used a computational algorithm to find in vivo 

binding occupancy by looking for short regions of 8 -30bp that had reduced digestion 

when compared with the immediately flanking region [Hesselberth et al. 2009]. This 

method was expanded and applied to multiple cell types in humans with a density o f 

digital DNase -seq reads [Neph et al. 2012].  Another approach in humans designed a 

Hidden Markov Model (HMM) to recognize footprints by the characteristic increase -

decrease-increase-decrease pattern of DHS signal; in some cases, the TF may be 

identified by its motif in the binding site [Boyle et al. 2011; more on HMMs in Section 

1.7.3].  Another DNase footprinting strategy, called CENTIPEDE, first limits the search 

to ~10bp known motifs of transcription factors and then classifies them as bound or 

unbound  based on the levels of DNaseI digestion in the immediate vicinity compared 

with digestion in the whole DHS region [Pique -Regi et al. 2011].  Analysis of DNase-seq 

data informs on first -order chromatin structure but does not reveal higher levels of 

compaction or long -range interactions on its own. 

1.6 Higher -Order Structure & 3D Chromatin   

All 3 billion bases of the human genome are organized into the nucleus, but first -

order chromatin, nucleosomes arrays, does not account for the level of compaction 

observed [vanHolde & Zlatanova 1995].  It is generally accepted that the genome is 
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stably split into active loosely -packed euchromatin and transcriptionally silenced 

tightly -packed heterochromatin [Felsenfeld and Groudine 2003].  These heterochromatin 

form supra nucleosomal structures in centromeres, telomeres and other silenced regions 

dispersed across the gnome and are correlated with H3K9 methylation [Grewal and 

Moazed 2003].  In vitro experiments observing histones in solution suggest that the 11nm 

nucleosome arrays are further compacted into a 30nm fiber but this has yet to be 

confirmed in vivo [Woodcock &  Dimitrov , 2001; Felsenfeld and Groudine 2003].  But, 

compaction is not the only issue in the organization of DNA in the nucleus.  

The physical location of a genomic element in the nucleus may affect its activity; 

distant regulatory regions must directly interact with each other in order to exert their 

effect.  A series of experiments based on chromosome conformation capture (3C) were 

designed to examine chromatin interactions.  In 3C, cells are treated with formaldehyde 

to form cross-links and then locus-specific PCR detects contact between two genomic 

loci of interests [Dekker et al. 2002].  These interactions can be confirmed by fluorescence 

microscopy at much lower resolution. To allow comparison between one locus and 

several interacting candidates, two versions of 4C are offered: 3C on chip [Simonis et al. 

2006] and circular 3C [Zhao et al. 2006].  Multiple interacting partners across 

chromosomes can be assayed with 3C carbon copy (5C) [Dostie et al. 2006].  Still, Hi-C is 

the true genome-wide assay using massively parallel sequencing to find any interaction 

in the nucleus at the expense of resolution [Aiden et al. 2009].  This study found that 



 

29 

regions that are closer in the genome, unsurprisingly, are more likely to interact.  A 

novel finding showed that entire chromosomes were made up of alternating 

chromosomal domains that formed repressive or active spatial territories in the nucleus 

where regulatory regio ns from different locations could physically interact [Aiden et al. 

2009].  The zinc-finger protein, CTCF, was often found at chromosome boundaries in 

agreement with its role as an insulator and chromatin looper [Philip & Corces 2009].  

Another option for high -throughput anal ysis of chromatin interactions is a combination 

of ChiP and 3C called chromosome interaction analysis using paired-end tags (ChIA-

PET); cross-linked interactions are recognized by the antibody for a protein of interest  

and one tag originates from each of the two interaction partners [Fullwood & Han 2010].  

Studies of 3D chromatin structure will continue to provide an informative perspective to 

gene regulation.  

1.7 Computational Approaches to Studying Chromatin Structure  

With the advent  of genome-wide analyses of chromatin structure, the focus has 

shifted to processing and analyzing the vast collection of data.  Recent studies 

commonly use NGS, but methods developed for microarray experiments may still prove 

valuable.  Clustering algorit hms are commonly used to divide data into sets that share 

common properties.  The use of Hidden Markov Models (HMMs) to classify segments of 

the underlying DNA is also a recurring theme.  Finally, informative features may be 

used in probabilistic models to  predict nucleosome positioning.  These computational 
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approaches set a precedent for interpreting and exploiting experimental data relating to 

chromatin structure.  

1.7.1 Processing High -Throughout Data  

Generally, the large number of reads from analyses using high -throughput 

requires one or more processing steps before they can be analyzed.  Assuming the reads 

have already been aligned to the reference genome, the purpose of these steps is to 

convert the raw data into a more user-friendly format and often re move artifacts and 

reduce noise.   For both MNase-seq and DNase-seq experiments, the alignment of the 

read indicates the digestion site of enzyme.  The challenge is to report the results in a 

manner that indicates the location ɬ and occasionally the strength ɬ of the corresponding 

nucleosome or DHS site. 

In high -throughput MNase experiments, the raw data consists of 

mononucleosomal fragments.  In earlier MNase-chip studies, nucleosome boundaries 

were determined from microarray probes by the fluorescence rat io of these fragments 

relative to total genomic DNA.  An HMM was constructed to assign probabilities that a 

given probe originated from a well -positioned nucleosome (~140bp), a delocalized or 

ɁÍÜááàɂɯÕÜÊÓÌÖÚÖÔÌɯȹÓÈÙÎÌÙɯÚÌÎÔÌÕÛÚȺɯÖÙɯÈɯÓÐÕÒÌÙɯÙÌÎÐÖÕɯȻ8ÜÈÕɯet al. 2005; Lee et al. 

2007].  The ratio at probes can also be used directly as a measure of nucleosome 

occupancy [Lee et al. 2007].  Depending on the sequencing technology, MNase-seq may 

produce full -length reads or short tags that are one-sided or paired-end; these must be 
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extended or shifted to the center to reflect the length of an average nucleosome [Schones 

et al. 2008; Valouev et al. 2011].  To characterize nucleosome occupancy, read counts were 

binned [Schones et al. 2008] or smoothed [Albert et al. 2007; Mavrich et al. 2008b].  The 

positions of H2A.Z containing nucleosomes were specified where an established 

number of reads overlapped with standard deviation representing the degree of 

fuzziness [Albert et al. 2007; Mavrich et al. 2008b].    In Valouev et al., kernel density 

estimation is used to calculate a stringency parameter and a threshold determines well-

positioned nucleosomes [2011].   A similar method without smoothing was used to 

calculate nucleosome positioning scores from MNase-seq performed on LCLs [Gaffney 

et al. 2012].  The type of analysis and feature of interest will determine which processing 

method is appropriate in a given scenario. 

DHS sites are characterized by the significant number of DNaseI digestion sites 

that align within them.   In the F-seq algorithm, DNase-seq reads are smoothed using 

kernel density estimation with a Gaussian function [Boyle et al. 2008b].  Essentially, each 

read is represented by a Gaussian curve that varies with the parameters of bandwidth 

and variance: the sum over all reads provides a smoothed signal.  The region of 

enrichment or peak in the DHS data was determined by signal over a set threshold and 

may vary for each sample to account for read density and noise [Boyle et al. 2008a; Song 

et al. 2011].  The intensity of the DHS site is typically represented as the maximum value 

with the peak.  The same algorithm may be used for ChIP-seq data with the parameters 
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adjusted for the TF of interest [Boyle et al. 2008b; Song et al. 2011].  Although there is 

presently no standard protocol for processing chromatin data, these methods provide a 

suitable starting point.  

1.7.2 Clustering Chromatin Profiles  

With genome-wide data, it is common practice to examine aggregate patterns 

around a genomic feature of interest ɬ such as a promoter or TF binding site.  While this 

strategy is useful for uncovering patterns that would not be visible at a single locus, it 

also has the possible consequence of combining dissimilar patterns into a single profile.  

One method to avoid this is sue is to use a clustering algorithm, like k-means, to group 

individual sites based on the similarity of their profiles [MacQueen 1967].  The data is 

generally represented as a vector with the mean calculated by the average of each 

dimension: in a chromati n profile, the spatial sequence of signal values is the vector.  To 

initiate k -means, the user chooses the number of groups, k, and the algorithm generates 

ÒɯÙÈÕËÖÔÓàɯ×ÓÈÊÌËɯɁÔÌÈÕÚɂȭɯɯ3ÏÌÕȮɯÛÏÌɯÈÓÎÖÙÐÛÏÔɯÐÛÌÙÈÛÐÝÌÓàɯÈÓÛÌÙÕÈÛÌÚɯÛÏÙÖÜÎÏɯÛÏÌɯÍÐÙÚÛɯ

step of assigning individuals to the nearest clusters and recalculating the means for each 

cluster until convergence has been met.  For example, when k-means was used to cluster 

nucleosome profiles in the regions surrounding TSS, it uncovered 4 distinct classes of 

promoters with varying nucleosome organizations [Lee et al. 2007].    A simple Euclidean 

distance is typically used to determine the nearest cluster but other distance metrics and 
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different variations on the algorithm exist including k -medoids and fuzzy c-means 

allowing partial cluster assignments.   

As an alternative, hierarchical clustering builds a tree of the relationships 

between individuals so that the closest branches of the tree are the most similar [Ward 

1963].  Like k-means, any distance metric can be used and cutoffs may be set to divide 

the nucleosome profiles of a set of sites into a finite number of patterns.  Hierarchical 

clustering is also useful in exposing the relationship between different samples.  When 

comparing genome-wise DHS across different cell types and species, it may be 

interesting to establish which profiles are most closely related.  Using hierarchical 

clustering, Shibata et al. found that the profile of DHS in the same cell type in different 

primates (human, chimp, macaque) was more similar than different cell types 

(fibroblasts, lymphoblasts) in the same species [2012].  Clustering methods have 

multiple applications in studies of chromatin structure.  

1.7.3 Classification by Hidden Markov Models (HMMs)  

An HMM can be used to model processes where an observed set of emissions are 

produced by unobserved or hidden underlying states [Baum & Petrie 1966].  The 

parameters are the transition probabilities of transitioning from one state to another and 

the emission probabilities of a given state emitting the observed values.  The use of 

HMMs has become common in computational biology to classify regions of genomic 

DNA based on observed characteristics like nucleotide distributions, TF binding, and 
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chromatin state; an early application predic ted gene annotations from sequence [Rabiner 

1989; Choo et al. 2004].  The parameters for the HMM may be established by the user or 

determined empirically by training on the data.  The Viterbi algorithm ɬ as opposed to 

the forward -backward algorithm which follows all possible paths ɬ is typically 

employed in these cases to identify the most probable sequence of states or Viterbi path; 

this generates a classification of genomic regions based on the observed data [Viterbi 

1967].  The Viterbi algorithm uses a dynamic programming approach that progressively 

solves subproblems to find the solution  [Figure 1-3].   

 

A 

 
  

B 

 
 

Figure 1-3: Equations for Dynamic Programming of the Viter bi Algorithm  

(A) V t,k is the Viterbi probability at the current state k after t  ÖÉÚÌÙÝÈÛÐÖÕÚɯÞÐÛÏɯϣk 

as the initial probability of being in state k, P(y t| k) describing the probability of 

value y as observation t  given state k (i.e. the emission probability ), and ax,k 

describing the probability that the last state was x and the current state is k (i.e. the 

transition probability). After the initial round, the idea is to find the previous state 

that maximizes the product of the transition and previous Viterbi  probabilities. (B) 

It is also necessary to save a pointer (Ptr ) that can be used to recreate the Viterbi 

path. xT is the final state in the maximal Viterbi path and xt-1 is determined by 

Ptr(xt,t ) which points backwards to the state used to determine V t,k. 
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Classifying genomic regions from their observed chromatin state is current ly a 

problem of interest.  One approach, ChromHMM,  uses a multivariate HMM to annotate 

the genome with multiple emission types including histone modifications, PolII signal, 

and CTCF signal obtained from ChIP-seq experiments [Ernst & Kellis 2010; Ernst & 

Kellis 2012].   ChromHMM has a resolution of 200bp with binary (presence/absence) 

values under Bernoulli distribution for each emission.  Another solution is provided by 

Segway, which employs a Dynamic Bayesian network (DBN) to capture more complex 

relationships in segmenting the genome and also incorporated DNase-seq and FAIRE-

seq data [Hoffman et al. 2012].  Segway processes the data at base-pair resolution with 

real values from Gaussian distributions for each feature.  When compared across 

multiple cell types, ChromHMM trained on a subset of cell types a nd Segway trained on 

1% of the genome in each cell type generated comparable results [Hoffman et al. 2013].   

Algorithms  that define chromatin state, like ChromHMM and Segway, may help to 

identify novel regulatory elements and assign functional roles.  

1.7.4 Predicting Nucleosomes from Sequence  

As described in Section 1.4.2, DNA sequence in the genome partially contributes 

to the nucleosome positioning.  Segal et al. proposed a thermodynamic model for 

nucleosome-DNA interactions that can be used to predict n ucleosome positions genome-

wide [2006].  This concept was extended in a later work and developed around in vitro  

MNase-seq data with the intention of representing intrinsic sequence preferences when 
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not influenced by external factors [Kaplan et al. 2009].  The current model gives a score 

for the 147bp sequence, S, that is based on the log ratio of a periodic component, PN, and 

a position-independent component PL: PN captures the periodic signal of dinucleotides 

along the nucleosome while PL relates to whether sequences of length 5 are generally 

nucleosome favouring or disfavouring.  A dynamic programming algorithm takes into 

account steric hindrance between neighbouring nucleosomes to generate a track of the 

average nucleosome occupancy for each genomic base from the sequence preferences.  

This track can be useful for comparing the contribution of external factors to in vivo 

nucleosome positioning and analogous methods may be used for other aspects of 

chromatin structure.  

1.8 Summary  

Studying gene regulation sheds light on how cells distinguish themselves.  In 

humans, regulation within the single -celled embryo allows it to eventually differentiate 

into hundreds of unique cell types with the same underlying genome.  Although the 

gene sequences are identical in all of these cell types, the chromatin structure can differ 

greatly.  Studying how these changes are associated with expression can help elucidate 

the mechanism by which they act and their significance in differentiating or maintaining 

status in cells.  The research represented in this dissertation adds to our understanding 

of how chromatin structure impacts gene regulation in diverse human cell types.  As 

described in this introduction, much has already been established about nucleosomes, 
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open chromatin, and the genomic processes that they may influence, but there is still a 

considerable area to expand.  Chapter 2 examines how promoters that are classified by 

their distribution of TSSs differ in their nucleosome profiles and other chromatin 

features.  In Chapter 3, we discuss genome-wide annotation tracks by addressing 

alignment as a major obstacle in analyzing sequencing results and then comparing two 

related chromatin structure assays.   Using DNase-seq results, Chapter 4 explains how 

we identified regions  of nucleosome stability outside of DHS sites.   Each of these 

studies, in different ways, examines how individual genes are regulated across cell 

types, compares chromatin structure in related samples, and associates nucleosomes 

with expression.  Most imp ortantly, they all address the potential of chromatin structure 

to influence gene regulation. 
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Chapter 2.  Transcription Initiation Patterns Indicate 
Divergent Strategies for Gene Regulation at the 
Chromatin Level  

This chapter is taken from the article of the same name publish Open Access in 

PLoS Genetics [Rach et al. 2011].  All the analyses in humans plus the predicted 

nucleosome occupancy in fly were done by the author of this dissertation and co-first 

author  of the article, D. Winter.  The fly analyses were done by E. Rach and the 

computational models by A Benjamin.  

2.1 Introduction  

The development of high -throughput sequencing strategies, which generate 

millions of 5 9 sequence tags from capped RNAs transcribed by RNA polymerase II (pol 

II), has enabled obtaining fine-grained pictures of transcription initiation. Each of the 

tags originates from a transcription start site (TSSs), and mapping the tags to the genome 

identifies tag clusters for individual genes. In particular, the application of Cap Analysis 

of Gene Expression (CAGE) produced comprehensive data sets for mammalian 

promoters [Carninci et al. 2006], and an extension of this methodology to Paired End 

Analysis of Transcription Start Sites (PEAT) was used to map and cluster millions of 

paired reads from Drosophila melanogaster embryos [Ni et al. 2010]. Tag clusters exhibit 

different initiation patterns, i.e. distributions of tags within a cluster, and have been used 

to define distinct promoter classes, generally falling into two basic groups. Both flies and 

mammals have focused promoters in which transcription occurs within a narrow 
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genomic window of a few nucleotides, and dispersed promoters in which TSSs spread 

out over a larger genomic region on the order of a hundred nucleotides. Promoter 

classes have distinct associations to core promoter motifs and functional roles [Juven-

Gershon & Kadonaga 2010; Ohler & Wasserman 2010], and evidence has pointed 

towards enriched pausing, or stalling, of Drosophila pol II at focused promoters [Nechaev 

et al. 2009]. 

Many stud ies have shown a generic pattern of chromatin organization in 

promoters, in which a nucleosome free region (NFR) upstream of the TSS is surrounded 

by periodic arrangements of nucleosomes within the transcript and further upstream  

[Mavrich et al. 2008; Schones et al. 2008], illustrating the connection between chromatin 

features and the accessibility of the DNA to transcription factors (TFs). Nucleosomes 

containing H2 and H3 histone variants provide particularly strong signals for the 

beginnings of genes in eukaryotes [Mavrich et al. 2008b; Jin et al. 2009; Raisner et al. 

2005], as they are preferentially incorporated in or near areas of active transcription. 

Data on frequent modifications to the N terminal histone tails have furthermore 

supported a histone code specifying functional domains in the genome; for instance, the 

tri methylation  of H3K4 has been shown to mark the promoter regions surrounding 

TSSs [Barski et al. 2007]. In addition, individual instances of insulator elements have 

been shown or suggested to play a role in chromatin remo deling near promoter regions 

[Tsukiyama et al. 1994; Fu et al 2008]. 
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Given that the distinct promoter classes are widely conserved throughout 

metazoans, and nucleosomes are correlated with the accessibility of the DNA, it may be 

surprising that virtually no analysis has so far has direc tly examined whether focused or 

dispersed promoters are associated with different nucleosome organization and 

chromatin structure. Instead, the majority of reports have taken the approach of dividing 

genes according to chromatin or insulator patterns, and then associating the promoters 

in each group with sequence features [Mavrich et al. 2008b; Ioshikhes et al. 2006] or 

function [ Engstrom et al. 2007; Ganapathi et al. 2005]. One of the main limitations of this 

approach has been that these characteristics are present in only a fraction of promoters. 

For instance, the TATA box motif is present in only ~10ɬ20% of all eukaryotic 

promoters, and ~35% of focused promoters [Ohler 2006]. On the other hand, CpG 

islands are a very frequent sequence feature of mammalian regulatory regions [Saxonov 

et al. 2006; Tillo et al. 2010] and have been repeatedly associated with dispersed 

promoters. Yet, this property is by far not unique to one initiation pattern: d epending on 

the definition, ~70ɬ80% of dispersed promoters coincide with the presence of a CpG 

island, but ~50ɬ60% of focused promoters do so as well [Table 2-1]. Furthermore, while 

chromatin features and initiation patterns are conserved at least in metazoans, CpG 

islands do not exist in the fruit fly genome [ Ponger et al. 2001], suggesting that specific 

sequence features may lead to enrichments but not be the sole or primary indicators of 

the underlying process. 
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In this work, we show that promoter classes  defined on patterns of transcription 

initiation are mirrored by significant differences in nucleosome organization and histone 

modifications, confirming the presence of divergent s trategies of transcription, as 

recently proposed for yeast and for special function al classes of mammalian genes 

[Ramirez-Carrozzi et al. 2009; Tirosh & Barkai 2008]. These differences are further 

supported by distinct associations to recently defined Drosophila insulator classes [Negre 

et al. 2010], and are consistently present across changing expression levels, polymerase 

stalling, and promote rs with or without CpG islands. Furthermore, computational 

models based on chromatin features show strong differences in their ability to identify 

initiation sites from the different promot er classes. Our findings are conserved between 

humans and flies and thus show that the initiation patterns are signatures of 

fundamental and divergent strategies of gene regulation across eukaryotes. 

2.2 Results  

2.2.1 Promoter Classes Exhibit Significant D ifferences in Nucleosome 
Organization  

Studies in different metazoans have identified several promoter classes based on 

the size of the initiation region and the distribution of initiation events within each 

region [Carninci et al. 2006]. In our previous wo rk in Drosophila [Ni et al. 2010], we 

defined three specific classes: Narrow Peak (NP) promoters are typical focused 

promoters with high occurrences of initiation at one location. They typically contain one 

or more canonical position-specific core promoter motifs such as the TATA box, which 
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have been found in genes with developmental regulation and tissue -specific functions. 

Conversely, Weak Peak (WP) promoters are dispersed promoters, in which transcription 

is distributed over a  larger genomic span and lacks a clear preference for a single start 

site. In flies, WP promoters are associated with distinct core promoter sequence elements 

but largely lack the canonical eukaryotic -wide core promoter motifs, and are frequently 

associated with housekeeping genes [Engstrom et al. 2007; Rach et al. 2009]. CpG islands, 

long stretches of CpG dinucleotides that play a role in chromatin packing and 

nucleosome organization [Davey et al. 1997; Davey et al. 2004], are a feature of most 

mammalian p romoters and are more frequently present in WP promoters [Carninci et al. 

2006; Table 2-1]. Finally, an intermediate class, Broad with Peak (BP) promoters, displays 

Table 2-1: Distribution of Promoters in the Human and Fly Datasets Used.  

The table lists the number of promoters in each class, and indicates the presence 

of CpG islands (human) or TATA boxes (fly) within classes. As the table shows, 

individual sequence  features are enriched in certain promoter classes, but any 

single feature does not cover any of the classes completely. CpG islands were 

defined using two sets of criteria: the classic definition of Gardiner -Garden & 

Frommer [1987], and the more stringent  definition of Takai & Jones [2002] which 

aims at a better separation from Alu -repetitive elements. TATA -containing 

promoters were taken from [Ni et al. 2010].  
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both a preference for a narrow location as in NP promoters, yet with tags covering a 

larger genomic span as in WP promoters. We determined TSS clusters from available 

human CAGE tags in the FANTOM4 database [Kawaji et al. 2009; see Methods]. 13% of 

promoter clusters fell into the NP class, 16% into the BP class, and 71% were classified as 

WP. We evaluated the chromatin structure within each of these promoter classes using 

several genome-wide datasets reflecting the positions of bulk nucleosomes, histone 

variants, and histone marks. We first examined H2A.Z profiles in human CD4 +T cells 

[Barski et al. 2007], as this histone variant has been associated with clearer signals in 

promoters compared to bulk nucleosomes [Mavrich et al. 2008b]. Both BP and WP 

promoters showed the stereotypic confirmation of well -spaced nucleosomes upstream 

and downstream of  the TSS, divided by a nucleosome free region. The relative locations 

of H2A.Z nucleosomes, and the 185 bp spacing between them, agreed with previous 

estimates [Fu et al. 2008; Tolstorukov et al. 2009]. However, NP promoters clearly did not 

fit this pictur e, as BP and WP promoters had a consistently higher association with 

H2A.Z nucleosome organization  than NP [Figure 2-1A], with the strongest divergence 

observed at the +1 nucleosome [p<10-90]. Examining bulk nucleosome locations [Schones 

et al. 2008] confi rmed these differences: BP and WP promoters showed defined 

nucleosome positions and spacing and thus a distinctly higher association with bulk 

nucleosome organization than NP promoters [ Figure 2-1B]. At the +1 position, WP and 

BP promoters showed significantly higher levels compared to a baseline calculated from 
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random genomic locations. To test whether these observations were reflected in DNase 

Hypersensitivity Sites (DHS)  which reflect  the accessibility of DNA by DNaseI digesti on, 

we evaluated DHS profiles from the same human cell line. Previous studies reported 

that most promoters were accompanied by a DHS site [Boyle et al. 2008]. However, in 

agreement with the NFR differences we observed between bulk nucleosome profiles, 

WP and BP promoters demonstrated a significantly higher peak at the NFR (~100 bp 

upstream), appearing at least twice as sensitive to DNase when compared with NP 

 

Figure 2-1: Promoter Classes Reflect Disti nct Profiles of Nucleosome Organization.  

Profiles are based on promoters classified as Narrow Peak (NP), Broad with Peak 

(BP), and Weak Peak (WP), and show the region of ɬ1 kb to +1 kb around the 

designated TSS. RI refers to average levels at random interg enic sites, which is 

used as a baseline. (A) Increased H2A.Z levels (p<10 -36), (B) increased bulk levels, 

and consistent spacing were observed for human BP and WP promoters compared 

to NP. DNase hypersensitive sites revealed a more accessible nucleosome -fr ee 

region at BP and WP but not at NP promoters (C), yet pol II levels were higher at 

NP promoters (D).  
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Figure 2-2: Heatmap of Nucleosome Occupancy within Individual Promoters.  
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promoters [Figure  2-1C, p<10-56]. Notably, the increase in accessibility was not 

accompanied by higher levels of pol II; rather, NP and BP promoters had elevated 

amounts of pol II on average compared to WP promoters [Figure 2-1D]. The above 

analyses uncovered a clear division of promoters by nucleosome organization,  

quantified by different genome wide assays: dispersed promoters exhibited a clearly 

defined periodic nucleosome organization, whereas focused promoters were less 

organized at the chromatin level, ruling out the possibility that narrow initiation events 

were defined by tight nucleosome locations. To illustrate this in more detail, we plotted 

the distribution of H2A.Z nucleosomes within each promoter as a heatmap [Figure 2 -2]. 

Individual WP and BP promoters had mor e clearly defined nucleosome positions, and 

NP promoters displayed less organization and lower concentrations around specific 

locations. An unsupervised clustering of all promoters, based on bulk and H2A.Z 

nucleosomes, recovered these distinct nucleosome profiles, with clear enrichments for 

specific initiation patterns [ Figure 2-3]. 

 

"ÖÕÛɀËȯɯRaw H2A.Z nucleosom e occupancy values for each human promoter were 

partitioned into the three classes. The lower panel shows the average occupancy 

profile across all three classes. Within each class, promoters were arranged by 

location of their maximum occupancy value in the  range of the 21 to +1 

nucleosome (2400:+250 with respect to the TSS; the diagonal pattern is thus 

implied by this ordering and not the data). WP and BP promoters clearly reflected 

the periodic H2A.Z nucleosomes flanking the NFR, especially downstream of t he 

TSS. Between promoters, the strongest enrichments were often observed at 

different nucleosomes, likely due to the sparse nucleosome occupancy data.  
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Figure 2-3: Unsupervised Clustering of Chromatin Prof iles.   

Each promoter profile with sufficient data for bulk and H2A.Z nucleosome 

occupancy was normalized to promoter -specific Z -scores (subtracting the mean 

and dividing by the standard deviation for that profile). Promoters were then 

clustered with MATLAB 's Kmeans function (K = 3, Euclidean distance metric). 

Enriched promoter classes present within clusters were calculated using a 

hypergeometric test. The first cluster corresponded to unstructured nucleosome 

profiles enriched part icularly for NP promoters (p<10-5; p<10-2 for BP promoters; no 

significance for WP). The second and third cluster largely corresponded to two 

WP clusters (those with predominant read data for the +1 and -1 nucleosome, 

respectively, p<0.05 and p<0.01; no significance for NP and BP). 
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2.2.2 The Presence of CpG Islands Alone Does Not Explain 
Differences in Nucleosome Organization  

CpG islands have frequently been used to split mammalian promoters into two 

distinct classes for TSS modeling or promoter analysis [Saxonov et al. 2006; Ramirez-

Carrozzi et al. 2009], and CpG island-containing promoters have been reported to show 

stronger nucleosome associations [Ramirez-Carrozzi et al. 2009, Wang et al. 2009]. Thus, 

 

 

Figure 2-4: The Presence of a CpG Island Alone Does Not Imply Distinct 

Chromatin Architecture.  

When stratifying promoters according to the presence of CpG islands as defined 

by Takai and Jones [2002], no deviation in the nucleosome organization of the 

promoter classes is observed; WP and BP promoters maintain a higher 

association to H2A.Z than NP promoters. This pattern is consistent in alternative 

definitions of CpG islands (cf. Figure 2 -5). 
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we examined whether the presence of CpG islands would recapitulate the divergent

chromatin modes we observed for different initiation patterns. We extracted annotated 

CpG islands from the UCSC genome browser and determined the overlap of CpG 

islands as defined by Takai & Jones [2002] with the promoters in our three cl asses. As 

previously reported [Carninci et al. 2006], there were higher percentages of CpG islands 

at WP (69%) and BP (64%) promoters, compared to NP (49%) promoters [cf. Table 2-1]. 

However, regardless of the presence of CpG islands, BP and WP promoters had 

significantly higher associations to nucleosomes than NP promoters. Likewise, 

promoters within the same class maintained qualitatively similar profiles [ Figure 2-4, 

 

Figure 2-5: Chromatin Profiles for Promoters Classes Divided by CpG Island 

Presence, Using the Definition of Gardiner -Garden & Frommer [1987] . 
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Figure 2-5]. Specifically, H2A.Z levels between NP and WP promoters differed at highly 

significant levels regardless of CpG island presence [p<10-84 and p<10-40 for prom oters 

with and without CpG islands, respectively), whereas H2A.Z differences between 

promoters with and without a CpG island within the same class were notably  less 

pronounced (WP promoters p<10-07; NP promoters p<10-08; no significance for BP 

prom oters). Due to the much smaller number of focused promoters in the genome and 

the larger fraction of dispersed promoters containing CpG islands, splitting all 

promoters in two groups based on the presence of CpG islands as in previous reports 

will, inde ed, lead to different profiles. Regardless, these differences can be explained 

away by accounting for initiation patterns.  

 

 
Figure 2-6: Expression Levels of Human Genes by Promoter Class.  

Gene expression intensities from NimbleGen tiles  [Boyle et al. 2008] were 

assigned to human TSS clusters (see Methods ), and their log(expression) values 

were binned separately for each promoter class and normalize d to relative 

frequencies. BP and WP promoters had nearly identical expression, while NP 

promoters showed a skew towards lower expression.  
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Figure 2-7: Promoter Classes Separate Chromatin Profiles Even When  Stratified by 

Expression Level.  

Human promoters were separated into 4 classes based on expression levels of 

associated genes in CD4+ T-cells. (A) Across all expression levels, BP and WP 

promoters showed greater enrichments in +1 H 2A.Z nucleosome occupancy    

(p<10-5) than NPs. H2A.Z enrichments have been reported to be present in 

promoters of both active and inactive genes in yeast  [9]. We also observed H2A.Z 

enrichments for BP and WP promoters at all expression levels; however, the 

H2A.Z association disa ppeared at NP promoters with low or no expression. (B) In 

addition to nucleosome positioning, several histone modifications preferentially 

occur at promoter regions. To validate this association across promoter classes and 

expression levels, we matched pro moters to human H3K4 methylation data  [10]. 

The positioning of H3K4me3 signals across all promoters and expression levels 

corresponded with the positioning and levels of H2A.Z nucleosomes. (C) Levels of 

pol II binding showed the opposite trend, with NP pro moters being much more 

occupied by pol II at the TSS despite the much lower H2A.Z and H3K4me3 

association. As such, the lower level of H2A.Z or H3K4me3 at focused promoters 

did not correspond to a reduced presence of the polymerase at the TSS.  
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Previous studies had generally observed a stronger correlation of periodic nucleosome 

organization with more highly expressed genes [ Schones et al. 2008; Boyle et al. 2008]. To 

rule out the possibility that the observations above could be explained by an overall 

lower activity of specific promoter classes, we divided the human CD4 + T cell data into 

four groups based on expression levels [Figure 2-6]. The class-specific differences of 

H2A.Z occupancy (stronger for dispersed promoters) and pol II (stronger for focused 

promoters) remained within each group of similarly expressed genes [Figure 2 -7]. 

Likewise, the reported coupling of H2A.Z with H3K4 trimethyl marks at TSSs [Barski et 

 

 

Figure 2-8: WP and BP Promoters Have Stronger Associations to H3K4 Methylation.  

(A, B) Average profiles of H3K4me3 occupancy in  Drosophila  and human promoters 

showed an overall similar pattern, with significant diffe rences between NP and the 

other classes (p<10-3). (C, D) The lower association of H3K4 methylation for NP 

promoters was retained in human H3K4me1 and H4K4me2 profiles, which 

consistently showed relative enrichments further within transcribed regions for WP 

and BP promoters (p<10-21). 
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al. 2007; Wang Z et al. 2008] was maintained across expression levels [Figure 2-7], and 

promoter -class-specific differences were also observed for H3K4 mono -and 

dimethylation [Figure 2 -8].  

2.2.3 Computational Models of Promoter Classes Confirm the 
Different Contributions of Chromatin Features   

As core promoters have traditionally been characterized and identified by the 

presence of regulatory sequence elements, we sought to quantify how informative the 

ensemble of chromatin features discussed so far would be to define human TSSs. 

Specifically, we were interested in how strongly the different promoter classes were 

defined by sequence versus chromatin features. To this end, we trained and applied 

computational models to classify between TSS versus non-promoter genomic locations. 

Our goal was to identify potential differences between promoter classes when  

comparing models under the same assumptions side-by-side, similar in spirit to recent 

splicing simulators integrating sequence and chromatin features [Spies et al. 2009].  

We computed average profiles of the 2 kb upstream and downstream regions of 

each TSS for bulk and H2A.Z nucleosomes as well as H3K4 mono-, di-, and tri -

methylation, for a total of 10 representative profiles for each promoter class. The inner 

products of the representative profiles with those of a genomic test location were used as 

input features for sparse linear classifiers, trained separately for WP and NP promoters. 

Each model was then tested on independent data of WP, NP, and BP promoters [Figure 

2-9], as well as negative samples from other genomic locations, including CpG islands 
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without evidence of transcription. WP and B P classification was much more accurate 

than NP; this was consistent with our findings that chromatin features were more 

pronounced and less variable for classes with dispersed initiation [cf Figure 2 -2].   

Inspection of the model features showed that each class relied on similar 

features, selecting an informative subset of nucleosome profiles [Figure 2-9]. The highest 

weight was assigned to the H3K4 trimethylation downstream profile, followed by the 

H2A.Z profiles, likely due to the strong periodic signal especially within the transcript. 

In fact, applying the WP model for the recognition of NP promoters was more successful 

than using the model trained on NP promoters themselves. Overall however, results 

stayed well below those obtained on both WP and BP promoters. When adding Fourier - 

transform based features to reflect the periodicity of nucleosomes, results were slightly 

improved but highly consistent [Figure 2 -10].  

We had previously demonstrated that NP promoters could be characterized with 

great success by ensembles of transcription factor binding sites based on their 

enrichment at specific locations relative to the TSS, using features beyond the strict core 

promoter sequence motifs (including factors such as E2F, CREB, YY1, etc) [Megraw et al. 

2009]. Following this example and using the performance of the chromatin models as 

baseline, WP classifiers built on sequence features performed considerably worse than 

the WP chromatin model [Figure 2 -11]. The opposite was true for NP promoters, for 
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Figure 2-9: Computational Models Using Chromatin Features Show Different 

Accuracy for Promoter Classes.  

Classification accuracy of two epigenetic models (i.e., using chromatin  features) 

was evaluated on test sets for each promoter class (evaluated with auROC and 

auPRC). Values of 1 indicate perfect classification; auROC values close to 0.5 and 

auPRC values close to 0 reflect random results. At the bottom, relative weights of 

chromatin profile features included in each model are depicted.  
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Figure 2-10: Including Fourier Transform ɬBased Chromatin Features in a 

Computational TSS Model.  

Including Fourier Transform ɬBased Chromatin Features in a Computational TSS 

Model. We explored the effect of adding Discrete Fourier Transform (DFT) 

coefficients as features, in addition to the epigenetic profile features. The Fourier 

transform decomposes a signal into its spectral components, and coe fficients 

reflect the presence of periodicities within the data. The DFT was computed in 

Matlab, on the data pre -processed as described in the main text. As with the 

profile features, DFT coefficients were computed for the 2 kb upstream and 2 kb 

downstream  regions relative to the TSS, for the whole 2 kb windows as well as 

smaller 500 bp sliding windows, moved within the 2 kb regions 250 bp at a time. 

DFT coefficients were computed for Bulk, H2A.Z, and H3K4 monomethyl, 

dimethyl, and trimethyl profiles, and c oefficients reflecting periodicity in the 

range of a nucleosome turn were added to the features for model training as 

described in the main text.  
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Figure 2-11: Computational Models Support the Stronger Cont ribution of 

Chromatin Features to the Definition of Dispersed TSSs.  

Changes in accuracy (auPRC) when using sequence models and combined 

(sequence and epigenetic feature) models are given, relative to the  baseline 

performance in Figure 2-9. Below, the relat ive contribution of sequence and 

epigenetic features in the combined models is shown.  
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which sequence models achieved higher success rates on NP and BP promoters than 

chromatin models. Combining sequence and chromatin features increased accuracy on 

all test sets, and demonstrated that WP TSSs relied much more on chromatin features 

than NP TSSs. This was seen in both the relative changes of classification accuracy as 

well as in the relative strength of features within the combined models, in which 

chromatin features accounted for stronger contributions for the WP compared to the NP 

model [Figure 2-11].  

2.2.4 Profiles of Nucleosome Organization Are Conserved across 
Metazoans   

In light of the above observations that distinct chromatin patterns were 

associated with different  initiation patterns, we investigated whether these different 

modes would be conserved across species. The D. melanogaster genome was particularly 

instructive as its genome does not contain CpG islands, but has recently been found to 

exhibit the same distinct dispersed and focused initiation patterns.   

D. melanogaster promoter classes were defined based on mixed stage embryonic 

libraries, and all available promoters were further filtered to transcripts present duri ng 

hours 0ɬ12 of embryogenesis [Figure 2-12]. This matched them more precisely with the 

available chromatin data, and resulted in 26% NP, 21% BP, and 53% WP promoters [cf. 

Table 2-1]. As in human, BP and WP promoters showed a significantly greater 

association with H2A.Z nucleosome s than NP promoters (Figure 2-13A, p<10-23). BP and 

WP promoters also had a greater percentage of H2A.Z nucleosomes within 1 kb of the 
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Figure 2-12: Fruit Fly Promoter Classes Show Different Temporal Trends at the 

Same Magnitude of Expression.  

Specifi c time points of utilization for each promoter were determined using the 

differences in median fluorescence intensity values of the Affymetrix tiling 

arrays [Rach et al. 2009]. The number of promoters with utilization at each time 

point were added by patte rn and normalized per 1,000 TSSs. (A) The overall 

progression of expression agreed with previous results  [Rach et al. 2009]: higher 

numbers of BP and WP promoters were utilized during the earlier stages of 

embryogenesis, while the opposite was true for NP promoters. (B) Promoters with 

utilization in at least one time point from 0 ɬ12 hours were assigned to expression 

levels based on array fluorescence (differences in median fluorescence of tiles 

downstream of a TSS vs. upstream, discretized in bins of size 1 0). Promoter 

numbers in each bin were divided by the total number of differences, resulting in 

the frequency of expression as shown. A line graph was used to smoothly join the 

discrete bin densities. While quantities of promoter patterns changed throughout  

embryogenesis (A), the distribution of expression levels was highly consistent 

across all promoters. (C) The expression analysis was repeated for promoters with 

utilization in at least 1 time point from 7 to 8 (hours 12 ɬ16, to match pol II 

occupancy data from developmental stage 12). Again, a similar distribution of 

expression levels from the tiling arrays was observed across all promoter patterns . 
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Figure 2-13: Distinct Nucleosome Organization Is Conserve d in Insects.  

 (A) Fruit fly H2A.Z profiles sh ow that BP and WP promoters had increased H2A.Z 

levels (p<10-7). Nucleosomes in BP and WP promoters had a more precise spacing, 

with an a verage separation of 170 bp and deviations of up to 10 bp, compared to a 

mean distance of 183 bp between H2A.Z peaks at NP promoters, with  deviations of 

up to 33 bp. (B) Differences between promoter classes were less pronounced in the 

available lower -resolution Drosophila bulk nucle osome data, with a slight shift 

compared to H2A.Z as originally reported [6]. (C) Average bulk nucleosome 

occupancy profiles were computed by an in silico model, which assigned the 

predicted probability that a nucleosome was present at any given location [34]. An 

average occupancy score of .5 indicated no preference for nucleosome presence or 

absence, as reflected in the scores at random intergenic locations. A clear 

separation of NP, BP, and WP profiles was observed, and the NFR for NP 

promoters was clearly much less pro nounced; all predicted profiles  were 

signific antly different from each other (p<10-9). (D) NP promoters had noticeably 

higher levels of pol II binding than BP and WP promoters (12 ɬ16 hr embryos). (E,F) 

Stalled NP, BP, and WP promoters in Drosophila mixed stages embryos (0ɬ16 hr) 

maintai ned the same associations to H2A.Z and bulk nucleosomes as observed for 

the set of all actively transcribed 0 ɬ12 hr promoters. 
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TSS [Figure 2-14, p<10-2]. The +1 H2A.Z nucleosome occurred at 125 bp, which is 10 bp 

upstream of the previous estimate in fruit fly [Mavrich et al. 2008b]. An apparent 

difference between humans and flies was the absence of the H2A.Z association at the -1 

nucleosome in Drosophila, which has been previously reported [Mavrich et al. 2008b]. 

However, this absence does not coincide with a lower level of bulk n ucleosomes at this 

location [Figure 2-13B]. As this phenomenon was not observed in human, additional 

experiments would be beneficial to confirm any such putative species-specific 

differ ence.  

Examining the locations of bulk nucleosomes led to an overall lower signal above 

background; this may at least partially be due  to the lower resolution of the tiling arrays 

used to measure the fly bulk profiles when compared to the deep sequencing data 

available for H2A.Z. Yet, the consistent difference between promoter patterns was 

confirmed [Figure 2 -13B, p<10-2 for NP vs. WP]. Currently, data comparable to DNase 

hypersensitivity is not available for the fly genome; in its place, we used a recent model 

predicting bulk nucleosome occupancy from sequence features [Kaplan et al. 2009]. The 

computational model displayed some notable differences to in vivo bulk nucleosomes, in 

×ÈÙÛÐÊÜÓÈÙȮɯÈɯÔÖÙÌɯƙɀ location of the NFR and a predicted affinity for nucleos omes at the 

TSS. Overall, the model agreed well with the in vivo profiles; there was a higher 

association for BP and WP promoters compared to NP promoters at the +1 nucleosome 

[Figure 2-13C; p<10-9]. Moreover, the predicted occupancy at the NFR was signifi cantly 
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different from random only for BP and WP, but not for NP promoters. As in human, the 

increase in NFR accessibility was not accompanied by higher levels of pol II, given that 

NP and BP promoters had elevated amounts of pol II compared to WP [Figure 2-13D].  

 

The fly genome contains a repertoire of validated core promoter elements [Juven-

Gershon & Kadonaga 2010; Ohler & Wasserman et al. 2010], and TATA-containing 

×ÙÖÔÖÛÌÙÚɯÐÕɯ×ÈÙÛÐÊÜÓÈÙɯÞÌÙÌɯÙÌ×ÖÙÛÌËɯÛÖɯËÐÚ×ÓÈàɯÈɯȿÝÌÙàɯÍÜááàɀɯ'Ɩ ȭ9ɯÕÜÊÓÌÖÚÖÔÌɯ

organization [Mavrich et al. 2008b; Albert et al. 2007]. High-resolution TSS maps have 

 

Figure 2-14: Density of H2A.Z Nucleosomes Is Higher in BP and WP Promoters 

than in NP Promoters.  

The midpoints of all H2A.Z nucleosomes were taken from Mavrich et al. and 

mapped to the locations of the 0 ɬ12 hour NP, BP, and WP promoters [2008b]. There 

were 95% of WP and 89% of BP promoters that had at least one H2A.Z nucleosome 

wit hin 1 kb of a TSS, compared to 79% of NP and 71% of random intergenic sites. 

Greater differences in percentages were observed for BP and WP promoters with 

more than one nucleosome within 1 kb of the TSS ( p<.05-1). This illustrates the 

stronger connection o f BP and WP promoters to the positioning and quantity of 

H2A.Z nucleosomes within the immediate vicinity of the TSS.  
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shown that the canonical core promoter elements including the TATA box largely occur 

in the NP class [Ni et al. 2010]. After stringent assignments of motifs, we found that NP 

promoters containing TATA boxes, Initiators, Downstream Promoter Elements (DPE), or 

Motif Ten Elements (MTE) were in fact completely devoid of any periodic  nucleosome 

positioning [Figure 2 -15]. In a notable exception, promoters wit h the TCT motif, which 

was recently validated to take the place of the Initiator in translation process genes such 

 

Figure 2-15: NP Chromatin Profiles Separated by Presence of Core Promoter 

Motifs.  

The N P H2A.Z profile [ cf. Figure 2-13] was split into (possibly overlapping) 

subsets by presence of regulatory sequence motifs. Promoters with canonical 

motifs (TATA, MTE, DPE, INR) exhibited virtually no periodic nucleosome 

organization. The remaining signal i n average NP plots originated from two 

subgroups, those without canonical motifs (<10%) which possibly represent a small 

fraction of false assignments to initiation patterns, and those with the TCT motif, 

which has recently been identified as a hallmark of  ribosomal and other basal 

translation proteins in non -TFIID -initiated promoters  [Parry et al. 2010]. 
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as ribosomal proteins [Parry et al. 2010], contained clearly positioned nucleosomes both 

up- and downstream of th e TSS. This functional group obviously represents highly 

transcribed constitutive genes and is therefore different from typical NP promoters, 

which are enriched in precisely regulated genes such as developmental regulators 

[Engstrom et al. 2007; Gitzgeral et al. 2006]. 

Taken together, both in vivo and computational data showed that fly promoters 

exhibited the same dichotomy as human ones, despite large differences in sequence 

features such as the absence of CpG islands. Well-spaced nucleosomes and a well-

defined NFR were reflected in dispersed promoters, in contrast to the indistinct 

nucleosome positioning pattern of NP promoters.   

2.2.5 Pausing of RNA Polymerase Is Not Limited to a Specific 
Chromatin Architecture   

 

Initially demonstrated in Drosophila, RNA pol II can stall or pause 25 to 50 bp 

downstream of the TSS following transcription initiation [ Zeitlinger et al. 2007]. The 

cause of the pausing is currently unknown, although it has recently been shown to occur 

at widespread locations across the genome, and to be present in other eukaryotes [Rahl 

et al. 2010]. As the location of pol II pausing lies at the boundary of the +1 nucleosome, 

we examined whether stalled promoters exhibited different associations to nucleosome 

organization. To this aim, we clustered reads derived from short RNAs that 

corresponded to stalled polymerase in 0-16 h mixed staged embryos [Nechaev et al. 

2009]. Stalled promoters have been implied with well positioned TSSs [Nechaev et al. 
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2009], and stalled-transcript clusters, defined in the same manner as those from total 

RNA, indeed contained a >2-fold larger fraction of NP promoters (55%). However, a 

considerable number of stalled promoters fell into the BP (16%) and WP (28%) classes as 

well. When we assessed H2A.Z and bulk nucleosomes for the different promoter classes 

within the stalled subset, we obtained profiles highly similar to those actively  

transcribed during hours 0 ɬ12 [Figure 2-13E, 2-13F]: Stalled BP and WP promoters had 

H2A.Z profiles which were significant ly different from NP promoters [ p<10-12], and 

 

Figure 2-16: Chromatin Profiles for Stalled Polymerase in S2 Cells.  

To further evaluate the influence of pol II stalling on the divergent patterns of 

nucleosome organization, TSSs at stalled promoters in S2 cells were compared to 

H2A.Z and bulk nucleosome locations. Like total TSS data from 0 ɬ12 hour, and 

stalled 0ɬ16 hr promoters, BP and WP promoters had higher associations to H2A.Z 

(A) and bulk (B) nucleosomes. (C) Similar to the later stage of development (12 ɬ16 

hr ; cf Figure 2-13D), S2 cell NP promoters had higher levels of pol II binding than 

BP and WP promoters. This corresponded with the observed hig her number of NP 

promoters utilized during later stages of embryogenesis [Figure 2-12], and was 

consistent with possible pol II stalling frequently observed at NP promoters  in 

more specialized cell types.  
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exhibited a stronger periodic signal of nucleosomes within the transcript. Similar results 

were also obtained for stalled promoters from S2 cells [Figure 2-16], further 

demonstrating that the promote r classes reflect divergent nucleosome architectures, 

regardless of pol II stalling. Thus, nucleosome organization is not necessarily a cause or 

consequence of stalling per se; like CpG islands, stalling appears to be a feature enriched 

in a particular cla ss of promoters. In this case, the nucleosome organization of stalled 

promoters reflects the overall highly regulated transcriptional program characteristic of 

focused promoters. 

2.2.6 Insulator Classes Demarcate Initiator Patterns   

 

Insulators separate differentially expressed genes, disrupt the communication 

between enhancers and promoters, and prevent the spreading of chromatin domains. 

Individual instances of insulator elements have been shown or suggested to play a role 

in chromatin remodeling near pro moter regions [Tsukiyama et al. 1994; Fu et al. 2008]. 

Given the strong chromatin differences demonstrated between the promoter classes, we 

assessed whether associations to different insulators would support these differences. 

The CCCTC-binding factor (CTC F) is one of the most prominent insulator 

proteins that is widely conserved across species [Smith et al. 2009]. It is known to interact 

with pol II, and has been implicated in the assistance of nucleosome positioning around 

its binding sites in human [Fu et al. 2008; Chernukhin et al. 2007], as well as being 

particularly enriched at locations of H2A.Z and H3K4 methylation [Barski et al. 2007]. 
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Supporting this, CTCF showed a higher association with human BP and WP promoters 

than NP promoters [ Figure 2-17A, p<10-11]. The CTCF profile reached a maximum level 

at -125 bp upstream of the TSS. This organization placed CTCF in the proximity of the 

core promoter and just downstream of the -1 nucleosome, and agrees with observations 

that nucleosomes enriched for H2A.Z were well -positioned and flanked by CTCF [Fu et 

al. 2008]. Concordant results were observed between NP and BP promoters when 

Drosophila CTCF (dCTCF) binding was evaluated [ Figure 2-17B, p<10-3], albeit at broader 

enrichment due to the lower resolution of the tiling array.   

The availability of genome -wide data on insulator binding elements as part of 

the modENCODE project [Celniker et al. 2009] provided an opportunity to expand the 

observations made for dCTCF. The data was obtained from 0ɬ12 hr mixed stage 

embryos, i.e. from the same material as the nucleosome data analyzed above [Negre et 

al. 2010]. Genomic analyses had defined two classes of insulator elements in fruit fly 

based on co-occurrence of binding events, and showed significant associations with 

genomic properties such as proximity and organization of genes and cis-regulatory 

elements. In addition to dCTCF, CP190 and BEAF32 comprise the Class I insulator 

elements in fruit fly [Negre et al. 2010]. In accordance with the frequent co-occurrence of 

their binding sites, these other Class I insulators also showed specific enrichments in WP 

and BP promoters [Figure 2-17C, 2-17D, p<10-3]. Class II insulators in fruit fly are 

comprised of Su(Hw) associated proteins [Negre et al. 2010]. Mod(mdg4) and CP190 
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have been shown to recruit Su(Hw) to the gypsy insulator, however, Su(Hw) is 

reportedly not enriched in promoters [Negre et al. 2010]. Mod(mdg4) had no significant 

differences across all promoter classes, which suggests similar functional roles across 

promot ers [Figure 2-17E]. As expected, Su(Hw) was absent from all promoters [Figure 2 -

17F]. 

Lastly, we investigated the GAGA binding factor (GAF) which did not cluster 

with factors in either C lass I or Class II insulators [Negre et al. 2010]. GAF can regulate 

gene expression at multiple levels, mediating promoter -enhancer interactions and 

insulating chromosomal position effects [ Mahmoudi et al. 2002]. For instance, at the D. 

melanogaster hsp70 promoter, GAF works in combination with the Nucleosome 

Remodeling Factor (NURF) to disrupt histon e octamers over the GAGA site [Tsukiyama 

et al. 1994] and promote pol II pausing [ Lis 1998]. Given the preference of stalling for NP 

promoters, we observed a corresponding prominent enrichment of GAF binding in NP 

promoters from 21400 bp to +1100 bp of the TSS [Figure 2-17G, p<10-3]. When scanning 

promoters for matches to the GAGA sequence motif, we found that NP promoters 

showed high levels of matches in a narrower area within the region bound by GAF, 

while BP and WP promoters had a pronouncedly lower level [ Figure 2-12H, p<10-2] ɬ i.e., 

the opposite of Class I insulators. Therefore, at least in the case of GAF, the preference 

for a particular promoter class does not necessarily reflect a dynamic state (such as 

expression level), but rather is statically encoded in the DNA sequence. In summary, 
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Figure 2-17: Insulator Classes Are Characteristic of Promoter Classes.  

(A) Human CTCF had higher occ urrences in BP and WP promoters (p<10-11). (B,C,D) 

Two classes of fruit fly insulators [Negre et al. 2010] were compared to promoters 

classes on embryonic data from 0ɬ12 hr. Class I insulators (including dCTCF, 

CP190, and BEAF32) supported the same pattern of increased BP and WP levels as 

observed for human CTCF. (E,F) Class II insulators  had equal occurrence across 

promoter classes, with Su(Hw) not being bo und to proximal promoter regions. 

(G,H) ChIP -chip profiles of the chromatin  remodeling  transcription factor GAF, as 

well as presence of GAGA binding sites in the genome, showed a clear enrichment 

at NP promot ers (p<10-2). 
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proteins from the recently defined insulator classes and the GAGA binding factor clearly 

separated among the promoter classes, and points to potential underlying mechanisms 

which help to define the different promoter classes.   

2.3 Discussion  

The high-throughput sequencing of 5ɀ capped sequence tags has clearly shown 

that eukaryotic promoters separate into at least two classes defined by focused and 

dispersed distri butions of initiation events. Many recent studies have reported on the 

chromatin structure in eukaryotic genomes; our approach differed from most  of these 

efforts by assessing chromatin features from the basis of transcription initiation as 

derived from 5 9 tag data. In one exception, work concurrent to ours found differences 

on H3K9 acetylation based on different promoter classes [Kratz et al. 2010]. Here, we 

have established that promoters from different classes not only contain different core 

promoter sequence features, but also reflect distinct patterns of nucleosome 

organization, chromatin struct ure, and insulator preferences [Figure 2-18].  

Our findings revealed that the periodic distribution of nucleosomes in the 

vicinity of TSSs was strongest for dispersed promoters (classes BP and WP), which have 

defined NFRs and highly periodic H2A.Z -containing nucleosomes. In contrast, focused 

promoters (class NP) exhibited significantly lower occupancy and/or less organized 

nucleosomes. Furthermore, recently defined insulator classes showed distinct 
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Figure 2-18: Promoter Classes Are Indicative of Divergent Strategies for 

Transcription Initiation.  

The aggregation of differences in transcription factor binding sites, nucleosome 

organization, histone variants and chromatin marks as well  as insulator elements 

paint a picture of divergent strategies for transcription initiation in metazoans. (A) 

-/ɯ×ÙÖÔÖÛÌÙÚɯÈÙÌɯÔÈÙÒÌËɯÉàɯÈɯȿÍÜááàɀɯÕÜÊÓÌÖÚÖÔÌɯÖÙÎÈÕÐáÈÛÐÖÕɯȻMavrich et al 2008] 

(noted by alternative bulk -1 nucleosome locations in the figure ) yet precise 

positioning of transcription initiation, which is reflected in the presence of location 

specific core promoter motifs that interact with a canonical TBP -containing basal 

complex [Ni et al 2010; Rach et al 2009]. NP promoters show higher level s of pol II 

bound around the TSS, possibly due to an enriched presence of stalled polymerase. 

They are also associated with specific chromatin remodelers in fly, namely GAF. (C) 

Initiation events in WP promoters  spread over a larger genomic span, reflected  in 

the presence of motifs with lower positional  enrichment that have been linked to  
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associations: class I insulators (which include CTCF) were associated with H2A.Z 

organization and H3K4 methylation at WP promoters, whereas class II insulators were  

evenly distributed. Conversely, GAF and pol II showed higher levels at NP promoters. 

The enrichment of the Drosophila GAF protein at NP promoters was intriguing, as it is a 

protein with many reported roles in transcription and chromatin remodeling [Adkins  et 

al. 2006], and may assist transcription initiation at NP promoters in the presence of 

unorganized nucleosomes. For instance, GAF forms a multimer in replacement of the 

NFR to establish proper nucleosome organization [Katsani et al. 1999] and is enriched at 

genes with polymerase stalling [Hendrix et al.  2008]. 

NP and WP promoters in fruit fly and human like ly correspond to two classes of 

promoters that have been recently characterized in yeast [Ioshikhes et al. 2006; Tirosh & 

Barkai 2008]. The first class has well-defined NFRs flanked by nucleosomes (Depleted 

Proximal Nucleosome, DPN), while the second class has variable nucleosome 

positioning without a clear NFR (Occupied Proximal Nucleosome, OPN). CAGE -like 

data is not available at a scale needed for the identification and assignment of promoter 

"ÖÕÛɀËȱɯremodeled basal complexe s containing TRF2 in f ly [ Hochheimer  et al 

2002]. They exhibit a well -defined NFR and well -positioned  H2A.Z nucleosomes as 

well as associated histone marks such as H3K4 tri -methylation. WP promoters in 

fly contain an e nrichment of Class I insulators (CTCF, CP190, BEAF32). (B) BP 

promoters have a combination of features from both transcriptional programs. 

Whi le chromatin organization is conserved, some of the known core promoter 

sequence elements depicted appear to be fly -specific (Motif 1 , DRE, Motif 6, Motif 

7, MTE) [Ni et al 2010; Ohler 2006; Rach et al 2009]. Pol II and insulator proteins are 

depicted at the maximum binding locations; size s of the transcriptional 

components are not drawn to scale.  
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classes in yeast, but OPN promoters have a low association with H2A.Z, a high 

transcriptional plasticity, and are enriched for TATA boxes, while the opposite is true for 

DPN promoters. Our work supports and exte nds the yeast model, in which access to 

most eukaryotic focused/OPN promoters is highly regulated as the corresponding genes 

carry out specific functions in response to specific conditions, while expression from 

many dispersed/DPN promoters is constitutive  because they perform housekeeping 

functions in the cell.   

A separation of mammalian promoters has frequently been proposed based on 

the presence of CpG islands. Differential regulation of some promoters with CpG islands 

has been shown to result from unstable nucleosomes, contrary to the involvement of 

chromatin remodelers at non-CpG island promoters [ Ramirez-Carrozzi et al. 2009]. 

Somewhat differently, we found that CpG islands are present across all initiation 

patterns, which indicates that CpG islands are  not a homogeneous class and do not all 

encode constitutively unstable arrangements of nucleosomes. The work by Ramirez-

Carrozzi et al. [2009] focused on a specific set of promoters, those adjacent to stimulus-

response genes, in which nucleosomes are pre-organized to facilitate a regulated 

primary response. Such genes may form an intermediate class between constitutively 

expressed genes typically associated with CpG islands, and NP promoter genes, which 

contain genes like developmental TFs that are expressed in a precisely determined and 

highly regulated order. The conservation of our findings in Drosophila, as well as the 
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previous studies in yeast, support that some CpG islands may provide an additional 

mechanism of sequence-encoded nucleosome propensities specifically found in 

mammals. 

Multiple aspects may contribute to the relationship between the promoter classes 

and chromatin features. First, differences in chromatin architecture may be directly 

reflected in distinct initiation patterns, as illustrated  by the nucleosome organization in 

constitutive versus regulated genes in yeast [Cairns 2009]. Thus, in fly and human, 

dispersed promoters result from a well -defined NFR increasing the accessibility of the 

DNA to the polymerase, causing initiation to occur  at multiple locations over a large 

region. In turn, the lower accessibility of focused promoters provides for a more 

regulated transcription initiation due to the lack of a common NFR. Instead, TSSs of 

focused promoters are well-defined by position -specific sequence elements including the 

canonical core promoter motifs [Ni et al. 2010; Megraw et al. 2009], which serve to 

actively recruit the core complex to precise TSS locations. Our computational models 

clearly support this idea: chromatin features contri bute to NP promoter definition, but 

much less so than for other classes, and with little improvement on sequence 

information. Overall, the higher pol II level at the TSSs of actively expressed genes with 

NP promoters also suggests that polymerase stalling is involved as an additional 

regulatory step enriched but not restricted to these genes [Nechaev et al. 2009]. 
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Second, the relationship between the promoter classes and chromatin profiles 

may also be influenced by the duration of active transcription. It h as been suggested that 

nucleosomes are properly positioned through repeated r ounds of active transcription 

[Zhang et al. 2009; Henikoff & Ahmad 2005]. As dispersed promoters, and focused 

promoters containing the TCT motif [ Parry et al. 2010], are enriched in constitutively 

expressed genes [Engstrom et al. 2007], this would support the greater degree of 

nucleosome organization and the combinations of histone variants and chromatin marks 

(such as H2A.Z and H3K4me3) traditionally associated with active transcr iption. In turn, 

many focused promoters are associated with specific time points during embryogenesis 

[Engstrom et al. 2007], and the lack of constant transcription potentially leads to a 

reduced positioning of nucleosomes. Finally, promoters may have dist inct chromatin 

patterns involving features we did not investigate. For instance, a higher rate of H3 

turnover was observed at OPN promoters in yeast [Tirosh & Barkai 2008], and the 

presence of GAF has been associated with H3.3 replacement [Mito et al. 2007], 

suggesting the possibility that focused promoters may have a higher association with 

H3.3 replacement. 

As more data becomes available through large-scale efforts such as the 

modENCODE and ENCODE projects, the presence of high-level divergent strategies of 

gene regulation established at the basal promoter will become better characterized 

throughout development and differentiation in model organisms as well as in human. 
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Promoter classes may have associations to epigenetic inheritance, cellular memory, 

evolvability, and the development of disease [Tirosh et al. 2009; Bernstein et al. 2007]. 

Understanding initiation patterns does not only help deepening our knowledge of the 

core promoter sequence, but also provide insight into the epigenetic architecture of 

regulatory regions. Together, they illustrate the interplay between chromatin and 

sequence information to encode divergent strategies for gene expression.  

2.4 Methods  

2.4.1 Selection of Fruit Fly and Human Transcription Start Sites and 
Fly TSSs Associated with Polymerase Stalling   

We used a recently published dataset, determined by clustering of >10 million 

aligned 5ɀ capped paired-end sequence tags from 0ɬ24 hour mixed stage D. melanogaster 

embryos [Ni et al. 2010]. We selected strong clusters (>100 tags) located within initiation 

regions, which included annotated 5ɀUTRs and 250 bp upstream of the annotated TSS in 

Flybase [Wilson et al. 2008]. This dataset comprised ~4,000 promoters which are 

classified by means of two features, genomic span of initiation events (as defined by the 

size of distinct 5ô tag clusters), and localization of initiation. For NP promoters, tag 

clusters have to be smaller than 25 nt, and at least 50% of tags align at the peak location 

(defined as the mode of the cluster 62 nt). BP promoters exceed the 50% tag cutoff at the 

mode, but are spread out over a genomic range .25 nt. WP promoters are those which 

meet neither genomic span nor peak location cutoffs; they do however still show a 

distinct albeit lower peak, frequently associated w ith the presence of a minimal initiator 
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sequence motif. The modes of the tag distributions were used as representative TSS 

locations for all promoter classes. 

Table 2-2: Tile Conversion Statistics for Mapping the Affymetrix Tiling Arrays from 

Release 4 to Release 5. 

Column 1 notes the chromosome, and columns 2 and 3 list the number of tiles in 

Release 4 and Release 5, respectively. Column 4 contains the number of tiles that were 

removed because they were mapped to multiple locations, or did not map to within 5 

bp of the Release 4 tile size. Column 5 and column 6 cite the genomic locations of the 

first and last tiles in Release 5. Promoters identified using PEAT that were located 

outside of the scope of the Relea se 5 Affymetrix tiling array were excluded from the 

evaluation of temporal utilization using the 2 -hr time course.  

Chromosome No. Rel 4 No. Rel 5 No. Removed First (bp) Last (bp) 

2L 587,831 587,814 17 88 22,415,387 

2R 534,929 534,838 91 380,463 21,146,537 

3L 617,005 616,891 114 18,781 23,817,683 

3R 740,120 740,120 0 15 27,904,884 

4 28,284 28,284 0 578 1,281,978 

X 558,566 558,529 37 18,910 22,422,262 

Total 3,066,735 3,066,476 259   

To match these TSS data to available chromatin resources, only those promoters 

with active transcription in at least one time point from 0 ɬ12 hours of fruit fly 

embryogenesis were used (517 NP, 406 BP, and 1,054 WP promoters). The temporal 

activity of each promoter was determined through Affymetrix tiling array data that 

measured RNA levels every 2 hours during the first 24 hours of D. melanogaster 

embryogenesis [Manak et al. 2006; Table 2-2]. The utilization of promoters at each time 

point was evaluated as described previously [Rach et al. 2009]. Briefly, the median 

hybridi zation value of several tiles 3ô of the TSS, i.e. in a putatively transcribed region, 

was contrasted with the median of tiles 5ô of the TSS location. The significance of active 
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promoter calls was evaluated by repeating the analysis on three sets of 1,000 randomly 

selected intergenic sites [Table 2-3]. 

 

To use consistent promoter classes, human CAGE tags and fly short RNAs 

associated with polymerase stalling were clustered using the same strategy and 

parameters as above [Nechaev et al. 2009; Kawaji et al. 2009]. Promoters of clusters in the 

initiation region as defined in ENSEMBL or Flybase, respectively, were again classified 

as NP, BP, and WP based on the shape of their tag distributions. In human, we started 

from the published a lignments of 29 million tags generated by the FANTOM consortium 

and classified 1,409 NP, 1,759 BP, and 7,656 WP promoters falling in the initiation region 

that contained more than 100 reads. In fruit fly, we clustered ,6 million reads from short 

Table 2-3: False Positive Rates of Expressed Transcript Calls at TSSs.  

For each time point (column 1) corresponding to a 2 hour interval (column 2 ), a 

previously determined difference threshold (column 3) was used to determine false 

positive rates (column 4) for TSS utilization from background noise  [Rach et al. 

2009]. Relative false positive rates were obtained and averaged across three random 

inte rgenic sets. FP rates were consistently below 0.04. 

Time Point Hours  Difference Threshold False Positive Rate 

1 0-2 36.5 0.02 

2 2-4 23.5 0.01 

3 4-6 21 0.03 

4 6-8 23.5 0.02 

5 8-10 29.5 0.02 

6 10-12 35 0.02 

7 12-14 24.5 0.02 

8 14-16 32 0.03 

9 16-18 28 0.02 

10 18-20 21 0.03 

11 20-22 23 0.01 

12 22-24 18.5 0.02 
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RNAs from 0ɬ16 hour embryos, which separated into 2,176 NP, 645 BP, and 1,101 WP 

stalled promoters, and additionally , 16.5 million reads from S2 cells, resulting in 1,977 

NP, 1,158 BP, and 2,530 WP stalled promoters, each with clusters that contained more 

than 100 reads.  

2.4.2 Scoring Human Nucleosomes and Regulatory Factor Profiles  

The nucleosome occupancy score for H2A.Z, H3K4 methylation, and bulk 

profiles was calculated according to Schones et al., using raw short aligned reads 

mapping to 5ô or 3ô nucleosome boundaries [2008]. We divided each somatic 

chromosome into 10 bp non-overlapping windows, and read counts for a window were 

calculated by summing the number of reads that aligned in the 80 bp upstream (on the 

sense strand) or 80 bp downstream (on the anti-sense strand) windows, assuming that 5ô 

and 3ô reads mapping to the ends of the same nucleosome would be ~140ɬ160 bp apart. 

Promoters were analyzed in windows from -1 kb to +1 kb of the TSSs identified by tag 

clustering; to reduce the noise in the bulk data, promoters with outlier read counts less 

than 8 or greater than 2,400 were removed from the analysis. A raw nucleosome 

occupancy score was determined for each promoter window by averaging the read 

counts across all of the individual promoters within one pa ttern (NP, BP, and WP). A 

moving average over five windows of raw nucleosome occupancy scores was taken for 

each promoter pattern to produce the smoothed nucleosome profiles shown. Window 

scores thus reflected nucleosome midpoints. A set of 5,000 random intergenic sites was 
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chosen across Chromosome 1 for which nucleosome profiles were determined akin to 

that of the promoters. 

 

For pol II, DHS, and CTCF profiles, raw read data was assigned to 10 bp non-

overlapping windows regardle ss of strand. Within each promoter pattern, the read 

counts were averaged for windows covering ±1 kb with respect to their locations from 

the TSS, and a moving average over five windows was used for smoothing, resulting in 

Table 2-4: Summary of Data Sources Used For Promoter Comparisons in Human.  

The data type (column 1) and publication source (column 2) are list ed with the total 

size of the dataset (column 3) and the cell type in which it was generated (column 

4). Column 5 refers to the type of experiment performed, and column 6 denotes the 

figure in which the data is used.  

H.sap Data Publication  No. Cell Type Exp Type Figure 

CTCF Barski 2007 147,738 CD4+ T-cells ChIP-seq 2-12A 

H2A.Z  Barski 2007 826,240 CD4+ T-cells 

Mnase/ChIP-

seq 

2-1A,-2,-3,  

-7A 

H3K4me1 Barski 2007 519,039 CD4+ T-cells 

Mnase/ChIP-

seq 2-8C 

H3K4me2 Barski 2007 449,657 CD4+ T-cells 

Mnase/ChIP-

seq 2-8D 

H3K4me3 Barski 2007 4,642,339 CD4+ T-cells 

Mnase/ChIP-

seq 2-7B,-8B 

pol II  Barski 2007 507,412 CD4+ T-cells ChIP-seq 2-1D,-7C 

DHS Boyle 2008 803,576 CD4+ T-cells DNase-seq 2-1C 

Expression Boyle 2008 

14.6 mil 

probes CD4+ T-cells Tiling Array  2-6 

TSS 

Kawaji 2009 

(FANTOM4)  

29 mil 

tags 

127+ cell 

types CAGE 2-6 

Bulk  Schones 2008 9,791,010 CD4+ T-cells Mnase-seq 2-1B 

CpG 

Islands 

UCSC Genome 

Browser 2010 27,639 All  Island sites 2-4,-5 
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the average read density shown in the figures. The same steps were applied to the set of 

random intergenic sites from Chromosome 1. 

For a complete summary of human data sources, see Table 2-4.  

2.4.3 Scoring Fruit Fly Nucleosome and Regulatory Factor Profiles   

Mavrich et al. determined nu cleosome positions by deep sequencing of MNase 

digested DNA associated with nucleosomes containing the H2A.Z histone variant, as 

well as by tiling array hybridization of bulk  and pol II -associated nucleosomes [2008b]. 

The published data had been processed to retain only peaks above background, 

reflecting the midpoints of nucleosomes. From this data, we calculated normalized 

nucleosome occurrences for the H2A.Z, bulk, and pol II bound data by first determining 

distances of the TSSs from the nucleosome midpoints with respect to the orientation of 

transcription, and adding them into 10 bp non -overlapping bins. The moving average of 

five neighboring bins within the window from 21 kb to +1 kb was then normalized to 

the number of nucleosome occurrences per 500 TSSs. Enrichments are contrasted with 

averaged results of profiles on three sets of 1,000 random intergenic (RI) sites. As in 

human, scores thus reflected nucleosome midpoints; unlike in human, profiles are based 

only on midpoints as determined by local maxim a above background and not the 

complete data. For computationally predicted bulk nucleosome locations, the 

nucleosome occupancy scores were calculated from average occupancy probabilities and 

processed analogous to human data (see Scoring Human Nucleosome Profiles).  
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H3K4 methyl marks and insulator binding profiles were measured by 

hybridization to tiling arrays that were acquired from the modENCODE repository. For 

the pol II data generated in the S2 cells, read counts were summed within 25 bp 

windows [ Nechaev et al. 2009] and those windows with at least 25 reads were used in 

the analysis. The distances of the mark and profile binding midpoints were calculated 

relative to the TSS locations and cumulated into 100 bp bins. The moving average over 

three neighboring bins within 21 kb to +1 kb was normalized to the number of 

occurrences per 500 TSSs. The same strategy was again repeated on sets of random 

intergenic sites. 

For a complete summary of Drosophila data sources, see Table 2-5.  

2.4.4 Assignment of Sequen ce Features   

CpG islands were initially taken from the UCSC Genome Browser annotation, 

which follows the definition by Gardiner -Garden & Frommer [ 1987]:  a >200 bp stretch 

with a G+C content of at least 50% and an observed vs expected ratio of CG 

dinucleot ides of >0.6. We then filtered this initial set by the more recent criteria of Takai 

& Jones [2002], which led to a strict subset of regions with length >500 bp, G+C content 

>55%, and CG ratio >0.65. 

Drosophila core promoter motifs were taken from Ni et al. [2010], which assigned 

them by position weight matrix matches to narrow sequence windows relative to the 

TSS in which they were significantly enriched. To be as comprehensive as possible, we 
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Table 2-5: Summary of Data Sources Used For Promoter Comparisons in Fruit 

Fly.    

Listing of the data types used with  publication source , total number of 

locations, sample source (time wi ndow during embryogenesis), type of 

experiment, and figure  where displayed. ( St=stalled, ME = ModEncode) 

D.mel 

Data Publication  No. 

Embryo  

(hour)  Exp Type 

Compared 

TSSs (h) Figure  

Predicted 

Bulk  Kaplan 2009 

Genome 

-Wide All  Predicted 0-12 2-13C 

Expression Manak 2006 

3 mil  

probes 0-24 

Tiling  

Array  0-24 2-12 

Bulk  Mavrich 2008 415,119 0-12 

ChIP-chip 

0-12 2-13B 

      St. 0-16h 2-13F 

        St. S2 2-16B 

H2A.Z  Mavrich 2008 112,750 0-12 

ChIP-seq 

0-12 2-13A,-14 

 

    St. 0-16h 2-13E 

        St.S2 2-16A 

GAGA  Mavrich 2008 44,684 All  Binding  0-12 2-17H 

polII 

Mpeaks Mavrich 2008 2,832 

Stage 

14 ChIP-chip 16-Dec 2-13D 

dCTCF 

Nterm  

ME Aug -8-08,  

DCCid 770 3,833 0-12 ChIP-chip 0-12 2-17B 

GAF 

ME Aug -8-08,  

DCCid 23 6,438 0-12 ChIP-chip 0-12 2-17G 

Mod  

(mdg4) 

ME Aug -8-08,  

DCCid 24 3,975 0-12 ChIP-chip 0-12 2-17E 

Su(Hw)  

ME Aug -8-08,  

DCCid 27 4,779 0-12 ChIP-chip 0-12 2-17F 

St. TSSs Nechaev 2010 

16.5 mil  

reads S2 RNA -seq S2 2-16 

St. TSSs Nechaev 2010 

6.4 mil  

reads 0-16 RNA -seq 0-16 

2-13C, 

-13D 

polII  Nechaev 2010 84,059 S2 ChIP-seq St. S2 2-16C 

BEAF-32 

Négre 2010, 

GSM409067 4,710 0-12 ChIP-chip 0-12 2-17D 

CP190 

Négre 2010,  

GSM409068 6,653 0-12 ChIP-chip 0-12 2-17C 

H3K4me3 

Négre 2010, 

GSM409075 7,043 0-12 ChIP-chip 0-12 2-8A 

TSS Ni 2010 

4,054  

prom.  0-24 PEAT 0-24 

2-13, 

-12A 
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used the largest p value cutoff for  which matches were reported (p<10-2). Motif matches 

were therefore allowed to be comparatively weak but were based on precise distances to 

defined TSS locations.  

2.4.5 Stratification by Human Expression Levels  

The log values of gene expression from NimbleGen tiling arrays for CD4+ T-cells 

generated in an earlier study [Boyle et al. 2008] were mapped to corresponding TSSs via 

associated genes [Figure 2-6]. The log2(expression) values of all genes, regardless of 

promoter pattern, were plotted and divided in to four groups. As in the previous study, 

ÞÌɯËÌÊÓÈÙÌËɯÎÌÕÌÚɯÉÌÓÖÞɯÈɯÊÜÛÖÍÍɯÖÍɯƘȭƙɯÈÚɯȿȿÚÐÓÌÕÛɀɀȮɯÈÕËɯËÐÝÐËÌËɯÛÏÌɯÙÌÔÈÐÕÐÕÎɯÎÌÕÌÚɯ

into three groups by their expression level. Consequently, there were 948 genes with 

ÝÈÓÜÌÚɯÉÌÓÖÞɯƘȭƙɯÛÏÈÛɯÏÈËɯȿÕÖɀɯÌß×ÙÌÚÚÐÖÕȮ 2,504 genes above 4.5 and below 6.25 that had 

ȿÓÖÞɀɯÌß×ÙÌÚÚÐÖÕȮɯƗȮƙƖƚɯÎÌÕÌÚɯÈÉÖÝÌɯƚȭƖƙɯÈÕËɯÉÌÓÖÞɯƜɯÛÏÈÛɯÏÈËɯȿÔÌËÐÜÔɀɯÌß×ÙÌÚÚÐÖÕȮɯÈÕËɯ

ƗȮƜƘƚɯÎÌÕÌÚɯÞÐÛÏɯÝÈÓÜÌÚɯÏÐÎÏÌÙɯÛÏÈÕɯƜɯÛÏÈÛɯÏÈËɯȿÏÐÎÏɀɯÌß×ÙÌÚÚÐÖÕȭɯ6ÐÛÏÐÕɯÌÈÊÏɯÌß×ÙÌÚÚÐÖÕɯ

group, the TSSs were then subdivided a second time according to their promoter pattern 

(NP, BP, WP). Expression levels across promoter patterns were thus based on the same 

cutoffs. Occupancy scores were then calculated as described above. As there were nearly 

twice as many promoters associated with genes in each group with expression than 

ÛÏÖÚÌɯÞÐÛÏɯÕÖɯÌß×ÙÌÚÚÐÖÕȮɯÖÊÊÜ×ÈÕÊàɯ×ÙÖÍÐÓÌÚɯÍÖÙɯȿÕÖɀɯÌß×ÙÌÚÚÐÖÕɯÈÙÌɯÓÌÚÚɯÚÔÖÖÛÏ 
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2.4.6 Statistical Significance  

We assessed differences in nucleosome occupancy at specific locations relative to the 

TSS. The significance between distributions of occupancy scores at the +1 nucleosome 

midpoint (defined as global maximum downstream -proximal of the TSS; maximum 

value within the 10 nt bin) and nucleosome  free region (defined as global minimum 

upstream-proximal o f the TSS; mean value within the 10 nt bin), as well as the number 

of nucleosomes within 1 kb of the TSS in fly, were determined using a Mann-Whitney 

Utest. A x2 test was used to compare the H2A.Z peaks in fly, as peaks from Mavrich et al. 

corresponded to the filtered number of promoters above background rather than 

original read density or intensity values [2008b].  

Additionally, we assessed the statistical significance between pairs of profiles, as 

measured by the set of differences between values observed at all locations along the 

profile, using a Wilcoxon Signed Rank test. We compared each pair of NP/WP/WP 

profiles, as well as each profile to random intergenic regions, for a total of 6 tests (a 

Bonferroni correction thus led to cutoff of significance at  p<(.05/6) = .0083). Due to the 

pooling of observations at many genomic locations, we observed that comparisons 

generally led to small p values which particularly on the human data frequently 

exceeded the precision of the software (1.44E-34); in those cases, we primarily relied on 

tests at specific locations as described above. All of the tests were performed in Matlab; 

the exact p values for all tests can be found in Tables 2-6 and 2-7. 
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Table 2-6: Summary of Statistical Significance of Differences between Human 

Nucleosome Profiles.  

The dataset and type of comparison (profile, peaks, NFR) are listed in column 1 

ÈÕËɯÙÖÞɯƕȭɯɁ/ÌÈÒÚɂɯÙÌÍÌÙÚɯÛÖɯÛÏÌɯÞÐÕËÖÞɯÊÖÙÙÌÚ×ÖÕËÐÕÎɯÛÖɯÛÏÌɯǶƕɯÕÜÊÓÌÖÚÖÔÌɯ

midpoint locat ion; NFR to the window at the center of the nucleosome free region. 

Profiles were evaluated using Wilcoxon Sum Ranks, and all peak and NFR 

windows were evaluated using the Mann -Whitney U -test. The p-value of each 

comparison is listed; those not significant  are highlighted. Black boxes correspond 

to comparisons not evaluated or applicable. All calculations were performed in 

Matlab.  
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2.4.7 Computa tional TSS Models Using Chromatin and Sequence 
Features  

To evaluate the contribution of chromatin features to the definition of different 

promoter classes, separate linear classifiers for NP and WP promoters were trained on 

chromatin features, or combinati ons of sequence and chromatin features. These 

Table 2-7: Summary of Statistical Significance of Differences between Fly 

Nucl eosome Profiles.  

Same as Table 2-6. Profiles were evaluated using Wilcoxon Sum Ranks, number of 

H2A.Z nucleosomes within 1 kb, bulk peaks, and bulk NFR were evaluated using 

Mann -Whitney U -ÛÌÚÛȮɯÈÕËɯ'Ɩ ȭ9ɯ×ÌÈÒÚɯÞÌÙÌɯÌÝÈÓÜÈÛÌËɯÜÚÐÕÎɯϪ2. The p-value of 

each comparison is listed; those not significant are highlighted. All calculations 

were performed in Matlab.(St=Stalled)  
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classifiers were then tested to determine how well they were able to distinguish between 

TSSs from the three promoter classes and other genomic locations. 

2.4.7.1 Training and test data.  

NP and WP TSSs were divided into training and test data, using two -thirds of 

each set for training and the remaining samples for testing. For each TSS in the training 

set, 20 intergenic locations were drawn at random from -4000 to -100 relative to the TSS. 

Additionally, one loc ation was drawn from annotated CDS of human UCSC Known 

Genes, and two locations from annotated CpG islands without evidence of transcript 

activity (i.e. those without human CAGE aligned reads). Intergenic, CDS, and CpG 

island locations together comprised the negative examples. For each of the remaining 

independent TSSs in the test set, we further randomly selected 100,000 CpG island 

locations (again sampled from those without human CAGE tags) as well as locations 

from anywhere in the genome. To ensure that each sample contained sufficient data for 

chromatin feature extraction, all positive and negative training and test samples passed 

a filter of at least eight aligned reads of the bulk nucleosome data (cf. Scoring Human 

NucleosomesȱɯÈÉÖÝÌȺȭɯ ÓÓɯÈÕÈÓàÚÌÚɯÞÌÙe also performed using unfiltered data, with 

consistent results (data not shown). 

2.4.7.2 Feature generation.  

"ÏÙÖÔÈÛÐÕɯÖÙɯȿȿÌ×ÐÎÌÕÌÛÐÊɀɀɯÍÌÈÛÜÙÌÚɯÞÌÙÌɯËÌÚÐÎÕÌËɯÛÖɯÙÌÍÓÌÊÛɯÚÐÔÐÓÈÙÐÛàɯÛÖɯÛÏÌɯ

typical nucleosome profile surrounding a TSS. Epigenetic features were calculated as the 
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ÐÕÕÌÙɯ×ÙÖËÜÊÛɯÖÍɯÈÕɯÌßÈÔ×ÓÌɀÚɯ×ÙÖÍÐÓÌɯÈÕËɯÈɯÙÌÍÌÙÌÕÊÌɯ×ÙÖÍÐÓÌɯÖÉÛÈÐÕÌËɯÍÙÖÔɯÛÏÌɯ

respective training set. Reference profiles were generated by averaging the profiles of 

the respective TSS training set, split at the TSS in 2 kb upstream and 2 kb downstream 

regions. A total of 10 profiles were thus generated for each model, corresponding to 

Bulk, H2A.Z, and H3K4 monomethyl, dimethyl, and trimethyl profiles. The processed 

chromatin data was binned into 10 bp intervals, and the closest datapoint to the TSS 

ÓÖÊÈÛÐÖÕɯÞÈÚɯÜÚÌËɯÈÚɯÛÏÌɯȿȿƔɀɀɯÓÖÊÈÛÐÖÕɯÍÖÙɯÙÌÓÈÛÐÝÌɯ×ÙÖÍÐÓÌɯÊÖÖÙËÐÕÈÛÌÚȭɯ$ÈÊÏɯÌ×ÐÎÌÕÌÛÐÊɯ

profile was smoothed using a Discrete Fourier Transform Low Pass Filter with a low 

pass limit of 150 bp, eliminating noise at frequencies higher than an average nucleosome 

size.  

To select informative sequence features, position weight matrices (PWMs) of 

transcription factors were obtained from the JASPAR Core Vertebrate and RNA pol II 

datasets [58]. We then followed the protocol described in [Megraw  et al. 2009], in which 

we previously described a classifier for murine NP promoters. Briefly, for each promoter 

class, TFs were filtered to those exhibiting match score enrichments in specific regions 

relative to the TSSs; these factor-specific enriched regions were each subdivided into 

seven windows. For every selected factor, background-normalized cumulative PWM 

scores were computed for each of the windows and used as features.  
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2.4.7.3 Model  training, testing, and evaluation.  

 Further following the exam ple of [Megraw et al. 2009], we used L1-regularized 

logistic regression to learn a sparse linear classifier for each promoter class, as 

implemented in the l1_logreg package [Koh et al. 2007]. Sparse logistic regression selects 

features by assigning coefficients to each, while penalizing the use of large numbers of 

features. Thus, coefficients of features that are not important for the classification 

problem are driven to zero and effectively excluded from the model.  

L1-regularized logistic regression uses the L1 penalty parameter to set the 

balance of including features. We performed 10-fold cross-validation to select the 

optimal L1 parameter for each model. The training data was divided into 10 parts, each 

part having an equal number of positive, negative i ntergenic, negative CDS, and 

negative CpG island examples. For each round of cross-validation, 8 parts were used for 

training, one for testing and selection of the optimal L1 parameter, and one for 

independent testing with the optimal L1 parameter. The ran ge of L1 parameters for each 

cross-validation ranged from 0.0001 to 0.01. All training was performed using the 

l1_logreg data standardization option, normalizing for potentially different scales 

between features. After cross-validation, a final model was c reated by training on the 

entire training set with the mean optimal L1 parameter.  

The models were tested on the independent test data of each of the three classes, 

using the final NP and WP models generated on the full respective training sets. 
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Classification performance was evaluated with two standard metrics: the receiver 

operating characteristics (ROC) and the precision recall curves (PRC), and the area 

under ROC (auROC) and PRC curves (auPRC), which summarize classifier performance 

when varying the true  positive rate. While ROC effectively normalizes for differences in 

size of positives and negatives, PRC is sensitive to imbalanced datasets ɬ as is the case 

for promoters in which a small number of TSS locations are outnumbered by the non -

TSS locations in the genome. This implies that ROC curves are comparable for different 

classifiers (e.g. NP and WP), while PRC curves will reflect differences in the relative size 

of the positive class. This partially explains the larger differences we observed for 

auPRC values, which reflects the harder problem of identifying fewer NP than BP 

promoters within a large genomic background.  

To visualize the importance of features for each class, a modified version of 

l1_logreg was used to obtain standardized coefficients, representing input features 

normalized to the same scale. From these standardized coefficients, we determined 

which features were consistently present during the ten -fold cross-validation training 

step. For each model, we determined the features whose absolute value was greater than 

0.05 in at least 8 of the 10-fold cross-validations.   
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Chapter 3.  Genome -Wide Annotation Tracks  

With the widespread use of high -throughput experiments providing genome -

wide data on regulatory elements, researchers required a complementary technology for 

visualizing the results.  The UCSC Browser [Kent et al. 2003; http://genome.ucsc.edu/cgi-

bin/hgGateway] and other genome browsers offer a framework to view  annotations 

including those related to chromatin structure like DNase -seq, FAIRE-seq [Section 3.2.1], 

MNase-seq, and ChIP-seq. The UCSC Browser for humans is pre-loaded with publicly -

available annotation tracks, much of which originated from ENCODE data, as well as 

allowing users to upload custom annotation tracks.  These tracks may be analyzed 

qualitatively by eye or downloaded for quantitative comparisons.  In the first half of this 

chapter, we present Frequency annotation tracks that help to address the decreased 

alignability of short reads from NGS in humans.  In the second half, we compa re open 

chromatin annotation tracks from two different assays, DNase -seq and FAIRE-seq, 

across diverse human cell types.  Both of these projects deal with the analysis of 

genome-wide annotation tracks that are common in studies of chromatin structure and 

gene regulation. 

3.1 Frequency Annotation Tracks  

3.1.1 Issues with Alignability  

The alignability of a base in the genome is defined here as the probability that a 

read of a given length matching the DNA sequence extending from that base will align 
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there.  The percent of bases that are alignable is correlated with the expected length of 

sequence reads in a given experiment.  With the advent of next-generation sequencing 

and its incorporation into genomic assays, the typical read length has greatly decreased.   

For example, in DNase-seq experiments performed in the Crawford lab, the average 

read length is 20bp.  The result is that the overall alignability of the genome is decreased; 

the shorter the read, the more likely it will be found at multiple bases across  the genome.  

This would be true in a randomly generated genome, but is accentuated in complex 

genomes where meaningful sequence elements have evolved in multiple locations over 

time.  Non-unique reads may map to two different bases or up to thousands.  Further 

confounding the alignment problem in the human genome is that the Human Genome 

Project estimates that at least 50% of the genome consists of repetitive sequences 

including interspersed repeats, pseudogenes, simple sequence repeats, segmental 

duplicat ions, and tandemly repeated sequences such as in centromeres and telomeres 

[Venter et al. 2001; IHGSC 2001].  Not all repetitive sequences are identical, as they may 

diverge over time, but they present obstacles for alignment of short reads.  The 

sequences of some repetitive regions are omitted in the current version of the human 

genome because, even with longer read length, it is impossible to discern their edges.  

Even when regions of repetitive sequence are included, they may obscure experimental 

results if a disproportionate number of reads align in them.  Repeat Masker is a helpful 

tool for identifying such regions so that they do not create artifacts later in analysis.   
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Figure 3-1: Pie Chart of  the Distribution of Bases by the Number of Times the 

M atching 20bp Sequence Occurs in the Human Genome. 

In order to accommodate the challenges presented by aligning short reads, 

multiple clever algorithms have been designed and made available including MAQ, 

Bowti e, and BWA [Li et al. 2008; Langmead et al. 2009; Li et al. 2009].  These aligners 

attempt to minimize run -time for great numbers of short reads while accounting for 

possible sequencing errors or polymorphisms that lead to mismatches.  In genomic 

assays, the resulting reads are aligned to the genome in order that regions of 

ÌÕÙÐÊÏÔÌÕÛÚɯÖÙɯ×ÌÈÒÚɯÊÈÕɯÉÌɯÊÈÓÓÌËȭɯɯ1ÌÈËÚɯÛÏÈÛɯÈÙÌɯÊÖÕÚÐËÌÙÌËɯɁÜÕÈÓÐÎÕÈÉÓÌɂɯɬ either 

they do not map anywhere in the genome or they may too many times to be useful ɬ are 

removed from th e analysis.  When a read is discarded varies depending on the aligner 

[more in Section 3.1.2].  We are more concerned with reads that extend from bases with 

low alignability than those that do not match any base in the genome.  At read length of 

20bp, non-unique bases make up more than 30% of the human genome [Figure 3-1].   If 
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these reads are removed, we may be overlooking peaks at the regions from which they 

originated.    It also affects comparisons between regions. Assuming the genome 

template is identi cal, it is less crucial when comparing between individuals or cell types 

since they will be equally affected by the alignability of the underlying bases.  In 

contrast, when evaluating different sites from the same experiment or inter -species 

conservation, alignability can be crucial.  A peak overlaying bases with low alignability 

will appear much weaker or missing compared with on overlaying bases with high 

alignability. Moreover, it may play a role in studies of heterozygous alleles where the 

alternate bases at the allele diverge in their effect.  In these cases, the presence of 

different alleles may influence the alignability of the surrounding bases  and obfuscate 

the results.  One way to address these issues is to increase the number of reads and, 

thus, the amount of data that remains in the study for further analysis.  

3.1.2 Calculating Frequency  

In order to annotate repetitive regions, we want to keep reads with only limited 

ambiguity in their origin base.  Originally, we used the MAQ algorithm to align t he 20bp 

reads from our DNase -seq experiment [Li et al. 2008]; but, more recently, we have 

switched to BWA, an updat ed algorithm from the same lab [ Li et al. 2009].  These 

programs randomly assign reads with multiple hits to one of their matches and we 

decided to that reads aligning to less than 5 sites would remain in the analysis.  With 
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this method, a base in a legitimate peak whose sequence occurs x more times in non-

significant regions, will end up with 1/(x+1) the number of reads aligned to it.   

Table 3-1: Legend of Scores Assigned to Bases in the Frequency Annotation Track 

Based on their Occurrence in the Genome. 

Score Uniqueness  

1 Unique  

0.5 Occurs twice 

ƔȭƗƗƗȱ Occurs thrice 

0.25 Occurs four times 

0 Otherwise 

Here, we present a technique for assessing the level of alignability in a region.  

We created a Frequency annotation track displaying the uniqueness of each base in the 

genome that can be visualized alongside other annotation tracks in a genome browser.  

Each base was assigned a Frequency score from 0 to 1 that is inversely proportional to its 

uniqueness at read length k: the more times a k-mer sequence starting at that base 

appears in the genome, the smaller the value [Table 3-1].  In DNase-seq, k=20, but our 

method can be applied to other short-read assays that produce alternative read lengths.  

We kept track of k-mers that aligned fewer than 5 times ɬ otherwise, they were given a 

value of 0.  Generating the track is further complicated by accounting for both DNA 

strands.  Each base actually has two unrelated k-mers extending from it: one on the 

positive strand extending downstream and one on the negative strand extending 

upstream. 
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Thus, the occurrences of both possible k-mers have to be counted before the 

Frequency can be calculated.  By including these bases with multiple hits, we have 

greatly increased the percent of the genome for which reads can be aligned [Figure 3-2]. 

 

The easiest way to calculate these values would have been to scan through the 

genome from beginning to end storing every k -mer seen within in a hash, a data object 

for linking references and values,  and counting the number of times that it occurs.  

However, this would be impractical for a genome a s large as human because the 

resulting hash would require abundantly more memory than is generally available.  

Eliminating k -mers from the hash when they occur more than 4 times (value=0), slightly 

reduces the memory required.  A more effective approach would be to find out a priori 

which k -mers were unique so that they could be omitted.  Since the majority of k-mers 

greater than 20bp are unique, this would greatly reduce the size of the hash [Figure 3-1]. 

Figure 3-2ȯɯ%ÙÈÊÛÐÖÕɯÖÍɯɁ ÓÐÎÕÈÉÓÌɂɯ!ÈÚÌÚɯÈÛɯ#ÐÍÍÌÙÌÕÛɯ1ÌÈËɯ+ÌÕÎÛÏÚȭ 

The fraction of alig nable bases ɬ for 20bp (as in DNase-seq) and 35bp (as in FAIRE-

seq) read length  ɬ is greatly increased by including all  sequences occuring <5 times.  
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 In order to determine beforehand which bases are unique, we took advantage of 

an annotation track indicating the smallest unique k -mers in a sequence [De Bona et al. 

2008].  To expand this into a Uniqueness track for sequences of length k, we assigned 

each base the value 1 (for unique, 0 otherwise) if the k-mer beginning at that base 

completely overlapped a small unique k -mer.  Then, as we generated the frequency 

track, we only saved k-mers that extended from bases with value 0 in the Uniqueness 

track.  This greatly decreased the memory usage, but there were still more techniques 

that could be implemented.  

3.1.3 Balancing Time & Memory  

An algorithm that handles genome -wide data often has to balance the time it 

takes to run with the memory it uses.  These algorithms inevitably must look at every 

base in the genome and therefore will be time -consuming even if they run linear time 

(O(n) time where n is the length of the genome).  Although we would prefer that such 

algorithms run as quickly as possible, we are often willing to sacrifice time since there is 

always a finite amount of memory.  In our case, we limited the amount of memory 

required by only annotating one chromosome at a time.  We compared the sequences 

across the entire genome but only stored the k-mers from a single chromosome in the 

hash.  In this way, we greatly limited the memory usage while increasing the run time 

linearly with the number of chromosomes ɬ 24 in humans counting X & Y separately.    



 

99 

Another more extreme method we considered to decrease the amount of 

memory required was to convert th e k-mers into binary coding.  In ASCII, each letter is 

saved as a byte of 8 bits.  However, since we know that our k-mers only use four 

different characters (A, C, G, T), we can represent these options with only two bits 

[Table 3-2].  Then, every 4-character sequence could be represented by a single letter 

whose ASCII value matches the sequence of bit pairs.  This would effectively decrease 

the memory required to store the k -mers by 4 times with a minor time cost for the 

encoding.  In the end, we did not need to implement this strategy, but it is useful to have 

available for algorithms concerning genome -wide data. 

Table 3-2: Conversion of Characters Representing Bases into 2 Bits 

Character ASCII Value  Correspond ing Byte  Represented in Bits  

A 65 01000001 00 

C 67 01000011 01 

G 71 01000111 10 

T 84 01010100 11 

3.1.4 Summary  

The results of the above research are now available on the UCSC Browser as part 

of the Mapability annotation track [ http://genome.ucsc.edu/cgi-bin/hgGateway].   These 

tracks have been used in further analyses for ENCODE, particularly for studies of 

chromatin structure [ENCODE 2011; ENCODE 2012].  Moreover, they formed the basis 

of the background model generated for the F-seq algorithm that smoothes and annotates 

enriched regions from DNase-seq data [Boyle et al. 2008b].  
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In general, these tracks provide a partial solution to the problem of the low 

alignability of bases in the human genome and can be useful in studies based on calling 

peaks or comparing enriched regions.  Users can display the track for a quantitative 

assessment of the alignability of a region or divide by the frequency score to estimate the 

strength of a peak given perfect alignability.  However, since the track only accounts fo r 

ÙÌÈËÚɯÛÏÈÛɯÖÊÊÜÙɯÜ×ɯÛÖɯÍÖÜÙɯÛÐÔÌÚȮɯÛÏÌÙÌɯÞÐÓÓɯ×ÙÖÉÈÉÓàɯÚÛÐÓÓɯÉÌɯɁÜÕÈÓÐÎÕÈÉÓÌɂɯÉÈÚÌÚɯÞÐÛÏÐÕ 

enriched regions.  Another issue with our approach is that peaks may appear in regions 

that are not truly enriched although it is unlikely that multiple bases will  have matches 

in enriched regions unless the non-enriched region is identical to one. 

In the long term, other solutions to the alignability problem may be found.  

Ideally, switching to experiments that produce longer reads will increase alignability.  

Alte rnatively, algorithms can take more information into account when deciding where 

to align reads from bases that occur multiple times.  For example, the AREM approach 

(Aligning Reads by Expectation Maximization)  combines the process of aligning reads 

with t he calling of peaks.  Through iterations, it determines the probability of a read 

correctly mapping to each of the bases to which it aligns based on the surrounding 

enrichment [Newkirk et al. 2011].   It is likely that future studies will take advantage of  

informed alignment in a similar manner.  

3.2 DNase-FAIRE Comparisons  

A portion of this work is described in Song et al. 2011. 
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3.2.1 DNase-seq Demonstrates High Overlap with FAIRE -seq 

 Both DNase-seq and FAIRE-seq are high-throughput assays used to identify  

genome-wide open chromatin sites by taking advantage of next -generation sequencing.  

Unlike the DNase protocol, FAIRE (Formaldehyde -Assisted Identification of Regulatory 

Elements) enriches for nucleosome-depleted regions by formaldehyde fixation of 

chromatin followed b y phenol -chloroform extraction [ Giresi et al. 2009].  When FAIRE-

seq is applied to different cell types, there is a significant overlap between peaks; the 

same is true for DNase-seq from multiple cell types.  Although FAIRE -seq peaks cover 

an average of ~1% and DNase-seq peaks cover ~2% of the genome in each cell type, the 

union sets cover only ~5% and ~6%, respectively [Song et al. 2011].  Many open 

chromatin sites are ubiquitous ɬ i.e. found in all cell types ɬ and these tend to be among 

the strongest in each cell type [Song et al. 2011].  Independently, DNase-seq and FAIRE-

seq peaks have been shown to be enriched in regulatory regions, such as promoters, and 

correspond to other ind icators of active sites [Boyle et al. 2008a; Giresi et al. 2007). 

When compared to each other, DNase-seq and FAIRE-seq are expected to 

identify more similar enriched regions than by chance.  In general, the signal -to-noise 

ratio in raw FAIRE -seq data is lower than DNase-seq data.  For our study, we began 

with DNase -seq and FAIRE-seq experiments performed on the same 7 cell-types 

(GM12878, K562, HepG2, HeLaS3, HUVEC, NHEK, & H1 -ES) [Song et al. 2011].  The 

aligned reads were processed through the same pipeline beginning with kernel density 
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smoothing and calling peaks over a given threshold for each cell-line [Boyle et al. 2008b].  

The reads and smoothed signal can be visualized as a genome-wide track on the UCSC 

Browser [http://genome.ucsc.edu/cgi-bin/hgGateway].  DNase-seq and FAIRE-seq peaks 

have a high overlap in enriched regions [Song et al. 2011].  The top 100,000 peaks from 

one assay encompass ~80% of the top 10,000 peaks from the other [Song et al. 2011].  

Nonetheless, with equivalent cutoffs, many peaks (60-70%) are only identified by one of 

the two assays [Song et al. 2011].    To address where these differenced originated, we 

investigated the features of regions that were enriched in both assays versus those that 

were overlooked by one. 

3.2.2 Differences between Open Chromatin Assays  

An open chromatin site can be characterized by various features including 

length, effect on expression, signal intensity, and location relative to the nearest gene.  

These features may indicate the type of element contained in the site and shed light on 

the biases of the individual assays.  In a single cell type (GM12878, a lymphoblast cell 

line), we combined the top 10,000 DNase and FAIRE peaks into a Union set.  We asked 

whether different types of peaks had different distributions of length.  We found that 

peaks identified exclusiv ely in FAIRE (Only FAIRE) were generally shorter in length 

than those identified exclusively by DNase sites (Only DNase) or those identified by 

both (DNase & FAIRE) [Figure 3-3A].  Although FAIRE peaks do tend to be smaller,  
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the discordance can be mostly attributed to the assay itself and does not necessarily 

reflect on the underlying element.  This is evidenced by the fact that the average size 

FAIRE & DNase peaks is larger than the average size of FAIRE peaks not found by 

DNase (Only FAIRE) because FAIRE peaks are artificially extended to the size of the 

DNase peaks they overlap.  In some cases, multiple FAIRE peaks aligned to a single 

 

Figure 3-1. Features of Peaks in a Single Cell Type. (A) Box and Whisker plots 

showing the distribution of lengths in (i) all DNase peaks (ii) DNase peaks not 

overlapping FAIRE (iii) all FAIRE peaks (iv) FAIRE peaks not overlapping DNase and (v) 

peaks in both DNase & FAIRE (B) histogram of expression values of the nearest gene to 

 

Figure 3-3: Features of Peaks in a Single Cell Type.  

(A) Box and Whisker plots showing the distribution of lengths in (i) all DNase 

peaks (ii) DNase peaks not overlapping FAIRE (iii) all FAIRE peaks (iv) FAIRE 

peaks not overlapping DNase and (v) peaks in both DNase & FAIRE (B) histogram 

of expression values o f the nearest gene to peaks (C) same as A, but showing 

DNase signal (D) same as A, but showing FAIRE signal  
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DNase peak.  We also indirectly measured the effect of DNase and FAIRE peaks on 

expression by linking them to the nearest gene.  Regulatory regions do not always act on 

the nearest gene, but it is a commonly-used marker.  When we plot the distribution of 

expression, we do not find a significant difference between peaks called by DNase or 

FAIRE [Figure 3-3B].  Next, we investigated the intensity of the enriched regions to 

determine whether the assays differ in the strength of the sites they recognize.  Each 

peak in our set is assigned a DNase value proportional to the signal seen in the DNase 

data and a FAIRE value proportional to the signal seen in the FAIRE data.  Thus, we can 

determine whether DNase peaks overlapping FAIRE peaks have higher or lower signal 

than their counterparts that do not overlap FAIRE and vice versa.  We find that Only 

DNase peaks have lower DNase signal than combined DNase & FAIRE peaks [Figure 3-

3C].  Similarly, Only FAIRE peaks have lower FAIRE signal than combined peaks 

[Figure 3-3D].  In general, it seems that the strongest sites are identified by both assays. 

In order to d escribe the location of different open chromatins sites, we grouped 

all peaks based on their position relative to the nearest gene.  In a single cell-line, 

significant proportions of DNase -seq peaks fall in promoter regions and tend to be 

among the strongest sites [Boyle et al. 2008a].  For each of our seven cell-lines, we 

divided regions based on whether they were enriched in FAIRE -seq, DNase-seq, or both 

data sets and annotated their position.  We found that DNase-seq is more likely to 

capture peaks in prÖÔÖÛÌÙɯÈÕËɯƗɀɯ431ÚȮɯÞÏÐÓÌɯ% (1$ɯÐÚɯÔÖÙÌɯÓÐÒÌÓàɯÛÖɯÊÈ×ÛÜÙÌɯ×ÌÈÒÚɯÐÕɯ
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intragenic (within gene bodies) and inte rgenic (between genes) regions [Figure 3-4].  The 

location of open chromatin informs on its likely regulatory role: proximal sites are likely 

to be involved in transcription initiation while distal sites may be enhancers, repressors, 

or insulators. 

 

In addition to FAIRE -seq and DNase-seq, ChIP-seq data representing the binding 

of three TFs (CTCF, c-MYC, and RNA -PolII) was also generated for a subset of the cell 

types studied.  Since TFs tend to bind within open chromatin, we expect a high overlap 

with ChIP -seq peaks.  The CCCTC-binding factor (CTCF), which is found at both 

promoters and distal sites, has been implicated as an activator, repressor, insulator, and 

chromatin domain  marker [Philips & Corces 2009].  When we checked CTCF sites across 

all seven cell types, we found that, on average, ~ 40% are overlapped by both DNase and 

FAIRE, ~21% are overlapped by only DNase, and ~9% are overlapped by only FAIRE 

 

Figure 3-4: Location of Annotated Sites Relative to Genes.  

The fraction of sites in each category averaged over the 7 cell types. 
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[Figure 3-5A].  Similar trends are seen with MYC sites for the six cell types for which 

data is available, although more are covered by either DNase or FAIRE overall [Figure 3-

5B].  At the promoter region, we expect PolII t o be bound in open chromatin.  On 

average, DNase & FAIRE peaks cover approximately 90% of sites, in four cell types, with 

DNase accounting for a greater proportion [Figure 3-5C].  High PolII binding suggests 

transcription initia tion but may be associated with either active transcription or PolII 

pausing [Guenther et al. 2007].  In general, the TF binding sites overlapping DNase and  

 

Figure 3-5: DNase-seq and FAIRE-seq Coverage of TF Binding Sites.  

 (A) Percent of CTCF binding sites covered by DNase only, FAIRE only, both, or 

neither (outersect). (B)  Same as A for MYC (C) same as A for PolII binding sites at 

promoters. (D) Average ChIP -seq score in DNase and FAIRE peaks 
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FAIRE peaks have stronger signal than those overlapping only one which in turn are 

stronger than those in the outersect ɬ not overlapped by either [Figure 3 -5D].   These 

results indicate a high level of agreement between the open chromatin assays, DNase-

seq and FAIRE-seq, and the TF assay, ChIP-seq.   

3.2.3 Implications for Future Analyses  

To summarize, individually FAIRE -seq and DNase-seq annotate open chromatin 

with high overlap.  There are slight differences in the types of regions that are enriched 

for either DNase or FAIRE signal.  FAIRE peaks tend to be smaller and biased toward 

sites more distally placed from genes whereas DNase peaks are larger and tend to map 

closer to genes.  Such differences are unlikely to be a product of replicate variation; cell 

type data for either assay is already a combination of multiple replicates.  The 

differences in assay results likely originates from either their divergent protocols or from 

the biological mode by which they identify open chromatin.  While FAIRE fragments 

DNA by sonication and produces 35bp reads, DNase fragments DNA by digestion and 

produces 20bp reads.  These features may lead to variability in the alignability, strength, 

and size of enriched regions.  Similarly, the FAIRE method specifically enriches for 

nucleosome-depleted regions while the DNase method detects DNase Hypersensitive 

regions.  Altho ugh these are both considered equivalent to open chromatin in theory, 

they may produce biases in practice.  We note that the combined set of peaks exhibit 

equally strong DNase and FAIRE signal as well as highly overlapping TF binding sites.   
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Together, DNase and FAIRE can be used to identify high-confidence open chromatin 

sites. 

Both DNase-seq and FAIRE-seq can also be useful as individual assays for 

detecting open chromatin.  A researcher is likely to choose one over the other for 

practical reasons such as the cost, availability, and proven effectiveness on the cell type 

being studied.  The existence of previous experiments for comparison may also influence 

their decision.  Still, our findings suggest that the type of sites they are interested in ɬ i.e. 

promoters vs. distal, repetitive or unique, large or small ɬ should play a role.  

Regardless, many of the strongest sites will be identified by both assays.  Moreover, 

many sites that are called as peaks by only one assay may fall just under the threshold in 

the other.  Either assay will provide a good approximation of the overall accessibility of 

a sample. 

DNase-seq and FAIRE-seq are sometimes used as a proxy for the TF binding in 

general.  The presence of a specific sequence motif within an open chromatin site is 

strong evidence for the binding of the associated TF.  An analysis that reveals an 

overlapping footprint would provide even more support [Boyle et al. 2011; Pique-Regi et 

al. 2011; Neph et al. 2012].  Nevertheless, we showed that several ChIP-seq peaks are in 

the outersect of the overlap with DNase and FAIRE peaks.  Although it is possible that 

these peaks are false positives, it is unlikely to be universally true. Alternatively, the 

peaks may be in open chromatin with signal too weak to have been classified as a peak.  
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3ÏÌɯ×ÏàÚÐÊÈÓɯÉÐÕËÐÕÎɯÖÍɯÛÏÌɯ3%ɯÔÈàɯÙÌËÜÊÌɯÛÏÌɯÌÍÍÌÊÛÐÝÌɯÚÐáÌɯÖÍɯÛÏÌɯɁÖ×ÌÕɂɯÙÌÎÐÖÕɯÉàɯ

protecting the underlying bases from DNaseI digestion and similarly preventing 

extraction by phenol -chloroform.  Finally, the outersect ChIP -seq peaks may be 

examples of rare TF binding outside of open chromatin.  Comparing the data with 

MNase-seq data will shed light on whether these TFs are, in fact, binding in the presence 

of nucleosomes.  In conclusion, DNase-seq, FAIRE-seq, and ChIP-seq are all valuable 

assays on their own and can be employed in tandem to provide complementary data.  
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Chapter 4.  DNase-seq predicts regions of rotational 
nucleosome stability across diverse human cell types  

Sections 4.1-4.5 in this chapter are based on the manuscript submitted to Genome 

Research.  Section 4.6 was added afterwards. 

4.1 Introduction  

Most of the human genome, like other eukaryotes, is concentrated in 

nucleosomes which consist of approximately 147 bases of DNA wrapped ~1.7 times 

around a histone octamer [Richmond & Dave y 2003].  Nucleosomes are considered the 

basic unit of packaging in chromatin and allow the DNA to be compressed into the 

nucleus [van Holde & Zlatanova 1995].  Recent studies suggest the majority of bases in 

the genome are wrapped up in nucleosomes that are connected by DNA linkers of 

variable length [ Felsenfeld & Groudine 2003; Valouev et al. 2011; Wang et al. 2008]. 

Locally, the precise positioning of nucleosomes plays a role in regulating gene 

transcription since small changes define the accessibility of transcription factor (TF) 

binding sites at key locations [Albert et al. 2007].  Nucleosome-depleted regions, known 

ÈÚɯȿÖ×ÌÕɯÊÏÙÖÔÈÛÐÕɀȮɯÐÕÍÓÜÌÕÊÌɯÎÌÕÌɯÌß×ÙÌÚÚÐÖÕɯÈÕËɯÏÈÝÌɯÉÌÌÕɯÚÏÖÞÕɯÛÖɯÖÊÊÜÙɯÈÛɯ

promot ers and other regulatory sites [Gross & Garrard 1998]. 

The most common experimental method for genome-wide in vivo mapping of 

nucleosomes is to treat cells with micrococcal nuclease followed by high-throughput 

sequencing (MNase-seq) [Valouev et al. 2011; Schones et al. 2008; Chodavarapu et al. 



 

111 

2010].  After M Nase preferentially digests within linkers, t he resulting mononucleosome 

fragments can be used to infer the dyad or center of well-positioned nucleosomes that 

maintain their exact coordinates across a population of cells [Noll 1974; Pugh 2010].  

Current studies using MNase or chemical modifications are working to improve the 

ÙÌÚÖÓÜÛÐÖÕɯÖÍɯȿÛÙÈÕÚÓÈÛÐÖÕÈÓɀɯ×ÖÚÐÛÐÖÕÐÕÎɯÞÏÐÊÏɯÐÚɯËÌÍÐÕÌËɯÈÚɯÛÏÌɯÓÖÊÈÛÐÖÕɯÖÍɯthe histone 

core along the DNA [Valouev et al. 2011; Brogaard et al. 2012].  However, it is difficult to 

deÛÌÙÔÐÕÌɯÛÏÌɯȿÙÖÛÈÛÐÖÕÈÓɀɯ×ÖÚÐÛÐÖÕÐÕÎɯɬ the orientation of the DNA major and minor 

groove relative to the histone surface ɬ from this data.  Moreover, analysis of MNase-seq 

ÙÌÚÜÓÛÚɯÔÈàɯÖÝÌÙÓÖÖÒɯȿÍÜááàɀɯÕÜÊÓÌÖÚÖÔÌÚɯÞÏÖÚÌɯ×ÖÚÐÛÐÖÕÚɯÍÓÜÊÛÜÈÛÌɯÈÊÙÖÚÚɯÈɯ×Ö×ÜÓÈÛÐon 

of cells making it difficult to determine the alignment of the dyad. But even fuzzy 

nucleosomes may maintain rotational setting preferences as they undergo translational 

shifts of roughly 10bp [ Mavrich et al. 2009; Gaffney et al. 2012] that preserve the 

relationship with und erlying sequence periodicities [Satchwell et al. 1986; Segal et al. 

2006]. Nucleosomes that are crucial in regulating gene expression may shift at this 

period to maintain orientation as they allow TF access in response to cell conditions [Hu 

et al. 2007].  In addition, maintaining rotational positioning also has implications for the 

statistical positioning theory which posits that most nucleosomes are uniformly packed 

between nucleosome boundaries formed by promoters, TF binding sites, and 

nucleosome-occluding sequences [Mavrich et al. 2008.]  Sequence preferences including 

periodic dinucleotides have also been shown to play a limited role in positioning 
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nucleosome [Segal et al. 2006].  In the human genome, a previous study estimated that 

only 20% of nucleosomes are well-positioned trans lationally [Valouev et al. 2011], 

although the remaining nucleosomes may conserve their rotational setting and reflect 

additional regulatory potential.  

 Here, we present a new, complementary method that uses DNaseI digestion data 

to predict regions of nucleosome rotational stability.  DNaseI preferentially digests DNA 

in nucleosome-depleted regions and is generally used to locate all types of active 

regulatory elements at a single locus [Gross & Garrard 1988; Wu et al. 1979].  When 

coupled with high -throughput sequencing (DNase-seq), DNaseI hypersensitive (DHS) 

sites are identified by the enrichment in sequence reads aligning to a specific locus with 

single base pair resolution [Boyle et al. 2008; Gross & Garrard 1988].  Reads aligning 

outside of DHS sites have generally been considered background noise.  Early studies 

documented that DNaseI digested mononucleosomes resulted in DNA fragments that 

spaced approximately 10bp apart using gel electrophoresis (Noll, 1974).  By plotting the 

distribution of distances between pairs of DNase -seq reads, we previously observed an 

oscillation at ~10.4bp [Boyle et al. 2008].  Since the DNA helix completes one full turn in 

the same period [Wang 1979], this is consistent with the preference of DNaseI to digest 

in the minor groove and its periodic exposure as D NA wraps around the nucleosome 

[Cousins et al. 2004; Noll 1974].  Furthermore, the periodic spacing was only detected 

among DNase-seq reads mapping outside of DHS sites [Boyle et al. 2008].  Thus, the 
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presence of this DNaseI digestion pattern appears to be correlated with the position of 

nucleosomes. 

In this study, we built upon our previous work to create a model that predicts 

individual DNase -Annotated Regions of Nucleosome Stability (DARNS) of varying 

length that are consistently occupied by nucleosomes with preserved rotational settings. 

Whereas previous studies demonstrated the 10.4bp DNaseI nucleosome pattern as a 

cumulative signal [Boyle et al. 2008; Noll 1974; Gaffney et al. 2012], we further this work 

by revealing that this period can be detected at individual loci and used to reverse 

engineer the location of rotationally stable nucleosomes. To increase the read coverage 

for recognizing the 10bp digestion pattern l ocally, we combined 49 distinct DNase-seq 

data sets from diverse cell types.  This resulted in DNA sequences associated with 

rotationally stable nucleosomes that are in phase across the majority of these samples.  

We found that DARNS co-occur with nucleosome occupancy signal from MNase-seq 

performed on individual cell types [Stanf Nucleosome track, UCSC Genome Browser; 

http://genome.ucsc.edu] as well as with nucleosome dyads predicted based on in vitro 

experiments [Valouev et al. 2011].  Unexpectedly, many DARNS were positioned on only 

one side of the nucleosome without crossing the dyad where the periodic digestion 

pattern appears to be attenuated.  The genomic locations of DARNS were consistent 

with the arrangement of nucleosomes around genomic features as described in the 

literature.  Using recently available DNase -seq data for lymphoblastoid cell lines from 
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multiple individuals [ Degner et al. 2012], we also annotated DARNS in a single cell type.  

When compared to the multi -cell type DARNS, we found eviden ce of dynamic 

nucleosome positioning across cell-type specific DHS sites. Our results provide the first 

genome-wide annotation of the rotational positions of nucleosomes and reveal high 

resolution features of nucleosomes that have precise rotational settings. 

4.2 Results  

4.2.1 Periodic DNaseI Digestion Pattern is Conserved Across Cell 
Types   

The 10.4bp spacing of DNase-seq reads was previously shown in genome-wide 

aggregate plots within a single cell type DNase-seq experiment [Boyle et al. 2008] but has 

been difficult to identify at individual loci due to the lack of sufficient read coverage.  To 

increase overall read coverage, our intention was to integrate the DNase-seq results from 

multiple cell types, isolated from various tissues in different individual s grown in non -

identical conditions [ see Methods for list of cell types] , that individually demonstrated 

the 10.4bp periodicity between DNase1 digestion sites [data not shown] .  To verify that 

the periodicity was conserved between experiments, we plotted t he pairwise spacing 

between reads from different cell types.  The 10.4bp oscillation in the plots was 

maintained for reads originating in human umbilical vein endothelial cell line (HUVEC) 

compared with reads on the same strand from the GM12878 lymphoblast cell line (LCL) 

[Figure 4-1A]; similar results were obtained  from  all pairs of cell types test [data not 
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Figure 4-1: Characteristics of DNase -seq 10.4bp Periodicity .  

(A) Distances between reads from 2 different cell types (HUVEC and GM12878 

lymphoblastoid cell line (LCL)) are plotted and show the 10 .4 bp periodic spacing 

preference. We show lines both displaying distances from HUVEC reads to LCL 

reads, and vice versa. (B) Similar read spacing plots showing 10bp period is present 

in combined data from multiple cell types in DNase -seq data but absent in FAIRE-

seq or Permuted DNase data. (C) Read spacing plot showing 10.4bp period in LCL 

DNase-seq reads overlapping non-LCL DHS sites but not in LCL-specific DHS sites. 
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shown] . Thus, the 10.4bp spacing in digestion sites is generally in phase across cell types 

suggesting that rotational po sitioning is widely conserved.  

We proceeded to combine DNase-seq data from 49 samples representing 43 

distinct cell types generated by our group at Duke  as part of the ENCODE project 

[ENCODE Consortium 2012; Song et al. 2011; McDaniell et al. 2010; Thurman et al. 2012; 

see Methods for combination algorithm ].  We compiled only the uniquely aligned reads 

from each of the DNase-seq experiments totaling ~1.5 billion data points on either 

strand.  The distribution of distances between pairs of reads in the combined data set 

exhibited the expected spacing on both the negative [Figure 4-1B] and positive [data not 

shown]  strands with an estimated period of 10.45 ± 0.21.  On the other hand, a similar 

plot of the read spacing from a DNase-seq experiment on naked DNA ( from  K562) does 

not exhibit periodicity [Figure 4-2]. In addition, when we compared the spacing between 

DNase-seq read positions that map to the positive strand with those that map to the 

negative strand, we found that peaks in the oscillation were approxi mately 3bp offset 

from the single-strand comparison [Figure 4-3A] . This is consistent with previous results 

reported in one cell type [ Boyle et al. 2008] ÈÕËɯÐÚɯÓÐÒÌÓàɯÈÚÚÖÊÐÈÛÌËɯÞÐÛÏɯÛÏÌɯƗɀɯÖÝÌÙÏÈÕÎɯ

previously d ocumented at DNaseI cut sites [Sollner-Webb et al. 1978, Cousins et al. 2004].  

We also noted that the periodic spacing of reads faded as the distance between reads 

increased with no significant rise at the length of a nucleosome. In contrast, similar 

profiles in MNase -seq studies that also demonstrated ~10bp periodicity had a substantial 
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increase in signal at ~150bp [Valouev et al. 2011].  These results support periodic DNaseI 

digestion along nucleosome-bound DNA, as opposed to MNase digestion primarily 

within the linker . 

To ensure these results were not due to chance, we generated a negative control 

by permuting the base positions of the combined DNase-seq data within 1000bp 

windows [ see Methods for permutation algorithm] .  This effectively disrupted local 

spacing patterns while maintaining local distributions of read counts.  In the permuted 

data set, no obvious periodicity was observed and the flatness of the line indicates a 

more uniform distribution of read pair distances [Figure 4-1B].  To confirm that the 

10.4bp period of digestion sites was unique to DNase-seq digestion and not an inherent 

property of open chromatin assays, we performed a similar analysis on FAIRE-seq 

(Formaldehyde-Assisted Identification of Regulatory Elements) data, which similarly 

 

Figure 4-2: Distribution of DNase -seq Read Spacing in Naked DNA (from K562).  
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employs high -throughput sequencing to identify open chromatin [Giresi et al. 2006].  

Since FAIRE-seq uses random sonication to fractionate the genome, we expected that the 

positions of aligned reads from the ends of these fragments would be unrelated to fine 

nucleosome positioning. We combined FAIRE -seq data generated from 19 samples 

shared with the DNase-seq data as part of the ENCODE project, totaling  ~830 million 

data points on each strand [Song et al. 2012; M Schaner, JM Simon, KA Showers, Z 

 

Figure 4-3: Additional Oscillation Plots from Combined DNase -seq Data.   

(A) Oscillation plot showing 10.4bp period in positive  strand DNase read spacing 

and 10.4bp period offset by ~3bp when positive and negative strands reads are 

compared (B) Oscillation plot showing 10 .4bp period in DNase reads outside  of 

DHS sites but no oscillation in DNase reads overlapping DHS sites identified 

from each cell  type. 
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Zhang, PG Giresi, L Song, D London, TS Furey, GE Crawford, JD Lieb unpublished]  

data.  When the distances between pairs of FAIRE-seq reads were plotted as above, no 

oscillation signal was evident [Figure. 4-1B].  Hence, the 10.4bp spacing of reads appears 

unique to the specificity of digestion sites of the DNaseI enzyme. 

4.2.2 Periodic  DNaseI Digestion Patterns Are Absent in Nucleosome -
Depleted DHS Regions  

To confirm that the digestion pattern is only present in nucleosome -occupied 

regions, we divided the  combined DNase-seq data into reads that mapped within DHS 

sites identified in the cell type from which the data was generated, and reads that 

mapped outside of these DHS sites.  In our previous study, we showed that the 10.4bp 

period in DNaseI digestion d isappeared when only DNase-seq reads originating from 

DHS sites in that cell type were included [ Boyle et al. 2008].  Similarly, we plotted the 

spacing between pairs of reads in each set and observed the oscillation pattern only for 

the reads that mapped outside of DHS sites [Figure 4-3B].  

We further limited our analysis to reads from only the seven lymphoblast cell 

lines (LCLs) that aligned to DHS sites identified in any cell type.  We compared spacing 

between reads that mapped within DHS sites found in a ll LCLs (ubiquitous LCL DHS) 

and those that mapped within DHS sites found in other cell types but not LCLs (non -

LCL DHS).  We found that the characteristic oscillation was evident in the spacing of 

reads from non-LCL DHS sites where we would expect nucleosome in LCLs, but was 

absent for reads in ubiquitous LCL DHS sites that would be nucleosome-depleted 
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[Figure 4-1C].  This suggests that in cell types where a DHS site is closed, the occupying 

nucleosome appears to establish a position that contains a precise rotational setting, and 

further supports the connection of periodic digestion with the dynamic positioning of 

nucleosomes.   

4.2.3 Local DNaseI Digestion  Site Spacing is Predominantly 10.4bp in 
Length  

To determine whether the combined DNase-seq data from multiple cell types 

could identify the periodicity in read position spacing at individual loci, we first visually 

inspected genomic regions previously known to contain well -positioned nucleosomes, 

such as those immediately downstream of transcription star t sites.  Indeed, at some 

genomic locations with sufficiently high read density, the 10 .4bp digestion pattern was 

visible on both strands, with the positive strand digestion peaks trailing behind the 

negative strand digestion peaks [Figure 4-4A]. This was not observed in either FAIRE-

seq or the permuted data sets.  Although nucleosomes likely incorporate the vast 

majority of the genome, this 10.4bp period in preferred digestion sites is not readily 

detectable over much of the genome.  This inconsistency is possibly due to noise in the 

data, the imbalanced coverage of reads in the DNase-seq data, or periodic patterns that 

are not maintained across cell types.   

In order to better detect local periodic DNaseI digestion patterns, we used 

Fourier transforms to d ecompose the data into component frequencies. Unlike aggregate 

plots that merged data from across the genome to uncover the oscillation in digestion 
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site spacing, this analysis instead examined small segments of the genome for recurring 

periods of any length. For each overlapping 1000bp window sliding along chromosome 

1, we calculated the dominant frequency indicating the most prevalent distance between 

read positions in the window.  Across all windows, we found that 10 -11bp frequencies 

 

Figure 4-4: 10.4bp Period ic Digestion can be Detected at Individual Genomic L oci.  

(A) The combined re ad counts at individual bases shows the preference for a 

10.4bp spacing between reads in DNase -seq data, but not in FAIRE ɬseq data or 

when permuted DNase -seq data. The 91bp nucleosome pattern used to identify 

DARNS (see Supplemental Fig. 3A) is superimpose d on DNase-seq data (B) 

Fourier analysis on 1000 bp windows from chromosome 1 reveals a prominent 

10.4bp period within DNase -seq data. (C) The same Fourier analysis on permuted 

data does not reveal a meaningful period.  
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were the most prevalent (~40%) across the genome on either strand [Figure 4-4B].  Based 

on the Fourier results, we estimate the average period of digestion around the 

nucleosome is on between 10.3 and 10.4bp [Figure 4-5]. As a negative control, we 

similarly analyzed the permuted [ Figure 4-3C] and FAIRE-seq data [Figure. 4-6] and 

observed no preferred frequency around 10.4bp (<3% of windows) and the most 

prevalent frequencies being very small (<3bps).  This is consistent with the lack of 

 

 

Figure 4-6: Fourier Analysis on FAIRE Data (Chromosome 1) does not Reveal a 

Meaningful P eriod.  

 

Figure 4-5: Zoom-in on DNase Fourier Plot from Figure 4 -4B. 
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oscillation in the previously des cribed read pair spacing plots [Figure 4-1B].  Hence, the  

10.4bp period is recoverable at single loci in DNase-seq data but not in other data sets.  

4.2.4 Identifying DNaseI Dig estion Patterns at Individual Loci  

To systematically detect the 10.4bp digestion pattern genome-wide given 

variation in signal and read depth, we first created a 91bp pattern that mirrored the 

observed genome-wide DNase-seq read spacing (Fig. 1B, blue DNase line; see Methods 

and Figure 4-7 for pictorial  representation).  Then, we calculated the Pearson correlation 

coefficient between this pattern, representing the expected DNaseI digestion around the 

nucleosome, and the distribution of the combined DNase -seq reads in 91bp windows 

centered on each base of the genome, independently testing both strands [ Figure 4-8A] .  

High positive correlations, anticipated once per complete DNA turn, indicated a  good 

 

 

Figure 4-7: Expected Pattern of DNase Digestion around the Nucleosome (91 bp 

in L ength) Derived  from DNase -seq Oscillation Plot [Seen in Figure  4-1B]. 

 



 

124 

match to the nucleosome pattern while high negative correlations occurred whenever 

the pattern was out of phase. When compared to FAIRE-seq and permuted data sets, the 

distribution of DNase -seq correlation scores was enriched at the extreme values [Figure 

 

Figure 4-8: Correlating DNase -seq Data to Expected Nucleosome Pattern.  

 (A) The expected pattern of DNaseI d igestion around the nucleosome [Figure 4 -7] 

was correlated with DNase -seq data at each base across the genome.  (B) The 

distribution of correlation scores shows that DNase has more pos itive and negative 

values at the extremes compared to the permuted data set. (C) The distances 

between correlation peaks on the plus and minus strands in DNase -seq data and 

the permuted DNase -seq are plotted.  Note the ~3bp offset of the 10.4bp between 

correlation peaks on opposite strands is only detected in the DNase data.  
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4-8B, p <= 10-10], indicating that these correlations may be used to predict stable rotational 

nucleosome positioning at base-pair resolution.   

To investigate whether bases with high correlations tended to be in close 

proximity to one another, we plotted the  spacing between them.  We first defined local 

Ɂ×ÌÈÒÚɂɯÐÕɯÛÏÌɯÊÖÙÙÌÓÈÛÐÖÕɯÚÊÖÙÌÚɯÈÕËɯ×ÓÖÛÛÌËɯÛÏÌɯËÐÚÛÈÕÊÌɯÉÌÛÞÌÌÕɯ×ÈÐÙÚɯÖÍɯ×eaks from 

opposite strands [Figure 4-8C; see Methods for definition of peaks] .  From this plot  we 

noted that (i) there was a 10.4bp spacing period between correlation peaks, based on the 

distances between the local maxima (and minima) of this graph; (ii) there was a ~3bp 

offset between correlation peaks on the positive strand relative to negative strand peaks, 

based on the first maximum in the plot occurring at an x -axis value of ~3bp, and 

ÊÖÕÚÐÚÛÌÕÛɯÞÐÛÏɯÙÌ×ÖÙÛÌËɯƗɀɯÖÝÌÙÏÈÕÎȰɯÈÕËɯȹÐÐÐȺɯÊÖÙÙÌÓÈÛÐÖÕɯ×ÌÈÒÚɯÛÌÕËÌËɯÛÖɯÉÌɯÊÓÖÚÌÓàɯ

spaced, based on the decreasing magnitude of local maxima and coinciding with 

multiple matches of the 91bp pattern across whole nucleosomes.  These features were 

not present in the spacing of correlation peaks from the permuted data set [Figure  4-8C, 

purple line] .  As described below, we exploited these characteristics in creating a model 

to predict regions of nucleosome rotational stability.  

4.2.5 Predicting Regions of Nucleosome Rotational Stability  

To predict individual regions that display rotational nucleosome stability, we 

devised a Hidden Markov Model (HMM) to identify sequences of DNA with average 

spacing of 10.4bp between correlation peaks on the same strand, and where the positive 
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strand peaks trailed the negative strand peaks by ~3bp.  Each base in the genome was 

assigned one of three values: (i) 1 if it corresponded to a positive strand correlation peak; 

(ii) -1 if it corresponded to a negative strand correlation peak; or (iii) 0 otherwise.  These 

base labels characterized the emissions from states in our HMM model that transitioned 

ÉÌÛÞÌÌÕɯÈɯÉÈÊÒÎÙÖÜÕËɯËÐÎÌÚÛÐÖÕɯÚÛÈÛÌɯÈÕËɯÈɯÕÜÊÓÌÖÚÖÔÌɯɁÔÌÛÈ-ÚÛÈÛÌɂȭɯɯ3ÏÌɯÔÌta-state 

was composed of a cycle of states that generated the observed spacing between positive 

and negative correlation peaks associated with DNaseI digestion of the nucleosome [see 

Section 4.5.1 for more  information on HMM ].  Figure 4-9A illustrates  a representative 

region depicting the combined DNase -seq data, correlations scores, correlation peaks, 

and regions assigned by the HMM to the nucleosome set of states.  

6ÌɯÓÈÉÌÓÌËɯÛÏÌɯɁÕÜÊÓÌÖÚÖÔÌɂɯÙÌÎÐÖÕÚɯÊÈÓÓÌËɯÉàɯÛÏÌɯ',,ɯÈÚɯ#-ÈÚÌ-Annotated 

Regions of Nucleosome Stability (DARNS) because they represent predictions of DNA 

sequences covered by consistently-positioned, rotationally stable nucleosomes without 

necessarily corresponding to the exact boundaries of each nucleosome.  We annotated 

~14 million DARNS covering 890 million bases (30.77%) of the genome.  While some 

cover only a portion of the nucleosome, others are much larger than the average size of a 

nucleosome and likely reflect an area over which one or more nucleosomes maintain 

their DNA orientation as their translational position fluctuates.  In DARNS, The average 

distance between adjacent peaks on the same strand is 10.364 with a standard error of 

less than 0.001.  The DARNS ranged in length from 15bp to 1282bp with a median of 
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Figure 4-9: HMM Identified DNase -Annotated Regions of Nucleosome Stability 

(DARNS).    
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50bp.  Of the three DARNS that were greater than 1kb, two fall near centromeres; this is 

consistent with previous studies recording high, stable nucleosome occupancy in 

pericentromeric regions [Chodavarapu et al. 2010; Gaffney et al. 2012].   The distance 

between pairs of DARNS tended to be multiples of 10.4bp with the end of many being 

close to the beginning of the next [Figure 4-9B].  In some cases, this may indicate that the 

two adjacent DARNS represent different parts of the same stably positioned nucleosome 

but where the periodic signal was disrupted or attenuated ɬ possibly due to sequence 

coverage.  Even at greater distances, the middle correlation peaks of neighboring 

DARNS tended to be in phase; this supports the idea of regular spacing between 

individual nucleosomes [ Valouev et al. 2011; Gaffney et al. 2012] and may reflect the 

positions of nucleosomes in higher order structures.   

In order to generate a control set, we also used our HMM to annotate regions 

using the FAIRE-seq and permuted DNase-seq data sets.  These two sets each predicted 

~12 million regions covering ~540 million (18.6%) and ~520 million (17.9%) of bases in 

the genome, respectively.  We found these control regions did not significantly overlap 

"ÖÕÛɀËɯ(A) UCSC browser screen shot of DNase -seq read counts, correlation scores, 

correlation peaks, and HMM identified DARNS (light blue boxes).  I n vitro 

positioned nucleosomes (Valouev et al, 2011; orange box) and the in vivo GM12878 

MNase-seq show similar overlap with DARNS. (B) Length of and dista nce 

between DARNS display an ~10 bp pattern. (C) Distribution of in vitro dyads 

shows twin crests of significant enrichment (~[ -80:-45] and [45:80]) around DARNS 

midpoint. (D) Distribution of in vivo GM12878 MNase signal shows twin crests of 

significant en richment (~[ -80:-25] and [[25:80]) around DARNS midpoint. (E) 

Distribution of average correlation at peaks from both strands shows dip in scores 

near in vitro dyads.  
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DARNS indicating that they annotated different regions compared to DNase data [Table 

4-1].  Moreover, compared to the extended nucleosome boundaries of well-positioned 

dyads inferred from in vitro MNase-seq experiments [Valouev et al. 2011], DARNS 

showed a significant overlap (~39 million or 39% of 99 million bases covered by in vitro 

nucleosomes; p=0.025) that was not present in either FAIRE-seq or permuted data sets 

[Table 4-1].  Next, we used the regions annotated by the permuted DNase-seq data set to 

assess the false discovery rate (FDR) for DARNS.  The annotated control regions were 

significantly different from DARNS when comparing inherent features related to length, 

read coverage, correlations scores, spacing, and HMM posterior probability (p <10-10).  To 

differentiate between high -confidence DARNS and possible false positives, we used 

these features to program a multivariate linear regression classifier that provided a 

confidence score for each DARNS.  From this analysis, we determined which DARNS 

were like ly false positive and estimated the FDR) for DARNS was 8.14% [see Section 

4.5.2 for details] . 

To further investigate the relationship between DARNS and annotated 

nucleosome positions, we plotted the previously mentioned in vitro  dyads, as well as in 

vivo nucleosome occupancy (Stanf Nucleosome track, UCSC Genome Browser), around 

DARNS.  Despite the scarcity of in vitro dyads (~600,000), they showed strong 

correspondence with nucleosome occupancy signal from in vivo MNase-seq [see 

Methods; Figure 4-11].  In vitro dyads were prevalent around the midpoints of DARNS, 
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but not around regions called from the permuted data [Figure 4-9C].  Interestingly, the 

dyad signal was not centered at DARNS midpoints, but rather shows two distinct 

regions of significant enrichmen t (around +/- 60bp; p <0.05).  The dual crests suggest that 

DARNS were preferentially positioned on either side within the in vitro predicted 

nucleosomes, but did not generally overlap the central dyad. A similar profile of 

Table 4-1: Overlap of HMM Annotations .   

Datasets that show significant overlap ( p-value < 0.05) are shaded. 

 

enrichment was detected from in vivo MNase-seq data from GM12878 LCL [Figure 4-9D; 

p <0.05] and K562 erythroleukemia cell line (da ta not shown). The lack of DARNS 

overlapping the exact center of nucleosomes may signify a loss of the digestion 

periodicity around the dyad, analogous to the reduction in ~10bp periodic nucleotide 
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signal at the dyad as previously reported [ Ioshikhes et al. 2011; Albert et al. 2007]. We 

propose that digestion of the DNA at the dyad is not as constrained as flanking DNA 

that is more directly associated with the histones.  This is supported by the high levels of 

DNase-seq reads [Figure 4-10A] around the in vitro dyads combined with the low 

average correlation scores [Figure. 4-9E].  These comparisons indicate that DARNS 

correspond to regions that bind nucleosomes and may be depleted at the dyad.  The 

coordinates of DARNS and correlation values are available at 

http://fureylab.web.unc.edu/datasets/darns/.

 

 

Figure 4-10: Properties of in vitro  Dyads.   

(A) Distribution of DNase Read Count around in vitro dyads shows crest at center. 

(B) Distribution of dinucleotide frequencies (W=A/T; S=C/G) (D) same as C) but 

aligned by nearest negative strand correlation peak . 
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4.2.6 Properties of DARNS Covering Nucleosome  Halves  

To further investigate the bi -modal signal seen in Figure 4-9C-D, we classified 

ÐÕÛÖɯÚÜÉÚÌÛÚɯÖÍɯ# 1-2ɯÙÌ×ÙÌÚÌÕÛÐÕÎɯÛÏÌɯƙɀɯÌÕËɯÖÙɯƗɀɯÌÕËɯÖÍɯÛÏÌɯÕÜÊÓÌÖÚÖÔÌɯÉÈÚÌËɯÖÕɯ

their relative position to the nearest in vitro dyad.  This resulted in approximately 

ƘƛƙȮƔƔƔɯƙɀɯÌÕËɯÈÕËɯƘƝƜȮƔƔƔɯƗɀɯÌÕËɯ# 1-2ȮɯÞÐÛÏɯȃƖƚƝȮƔƔƔɯÊÖÙÙÌÚ×ÖÕËÐÕÎɯÛÖɯÖ××ÖÚÐÛÌɯ

sides of the same nucleosome.  Given the low total number of dyads, the number of 

paired DARNS is significantly less than th at expected by random chance [p < 10-10]; this 

suggests that our model was less likely to annotate both sides of the same nucleosome. 

6ÏÌÕɯÞÌɯÐÕËÌ×ÌÕËÌÕÛÓàɯÊÖÔ×ÈÙÌËɯÛÏÌÚÌɯƙɀɯÈÕËɯƗɀɯÌÕËɯ# RNS to in vivo MNase-seq 

 

data, we detected enrichment in MNase-seq signal on only one side of the DARNS, 

further supporting that we correctly assigned the DARNS locations relative to the dyad 

[Figure 4-11].  

 

Figure 4-11: MNase Signal Density Around in vitro  Dyads and DARNS.   

 (A) Distribution of Lymphoblast  MNase-seq signal around in vitro  dyads 

[Valouev et al., 2011] shows corresponding levels of enrichment (B) Distribution of 

Lymphoblasts M -ÈÚÌɯ2ÐÎÕÈÓɯÈÙÖÜÕËɯ# 1-2ɯËÌÚÐÎÕÈÛÌËɯÈÚɯÛÏÌɯƙɀɯÌÕËɯÖÙɯƗɀɯÌÕËɯÖÍɯ

the nucleosome relative to in vitro dyad.  Note that each subset shows MNase -seq 

signal enrichment on the corresponding side of center . 
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%ÖÙɯÌÈÊÏɯÖÍɯÛÏÌɯƙɀɯÈÕËɯƗɀɯÌÕËɯ# 1-2, we plotted the distribution of aligned 

positive and negative strand DNase-seq read counts, as well as MNase-seq data to show 

relative locations of the nucleosome and linker [Figure 4-ƕƖ ɯÍÖÙɯƙɀȰɯ%ÐÎÜÙÌɯƘ-12B fÖÙɯƗɀȼȭ 

 

Figure 4-12: Properties of DARNS that ,È×ɯÛÖɯÛÏÌɯƙɀ ÖÙɯƗɀɯEnds of Nucleosomes.   

In vitro  dyads [Valouev et al . 2011] were used to distinguish DARNS that mapped 

ÛÖɯÌÐÛÏÌÙɯÛÏÌɯƙɀɯÌÕËɯȹ Ȯɯ"ȺɯÖÙɯÛÏÌɯƗɀɯÌÕËɯȹ!Ȯɯ#ȺɯÖÍɯÛÏÌɯÕÜÊÓÌÖÚÖÔÌɯȹÚÌÌɯÔÌÛÏÖËÚɯÍÖÙɯ

details).  (A) DN ase reads aligned by centermost negative strand correlation peak 

ȹÔÐË×ÌÈÒȺɯÖÍɯ# 1-2ɯÛÏÈÛɯÔÈ×ɯÛÖɯƙɀɯÌÕËɯÖÍɯÛÏÌɯÕÜÊÓÌÖÚÖÔÌɯÌßÏÐÉÐÛɯÎÙÌÈÛÌÙɯ

ÖÚÊÐÓÓÈÛÐÖÕɯ×ÈÛÛÌÙÕɯÈÕËɯ#-ÈÚÌɯÚÐÎÕÈÓɯÖÕɯÛÏÌɯƙɀɯÌÕËɯÖÍɯÕÜÊÓÌÖÚÖÔÌɯÊÖÔ×ÈÙÌËɯÛÖɯ

ÌÐÛÏÌÙɯÛÏÌɯÓÐÕÒÌÙɯÈÕËɯÛÏÌɯƗɀɯÌÕËɯÖÍɯÛÏÌɯÕÜcleosome.  In vivo  LCL MNase -seq signal 

is transposed on top (black line) to help designated the locations of the 

nucleosome and the linker (indicated at bottom) (B) Same as (A), but for DARNs 

ÛÏÈÛɯÔÈ×ɯÛÖɯÛÏÌɯƗɀɯÌÕËɯÖÍɯÛÏÌɯÕÜÊÓÌÖÚÖÔÌȭɯɯ(C,D) Same plot as (A) and (B), but 

showing dinucleotide (W=A/T, S=C/G) frequency.  
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As expected given the design of the HMM, both plots showed 10.4bp spacing between 

preferred digestion sites with a slight offset between strands. In both plots, the region of 

the nucleosome covered by the DARNS demonstrated the strongest periodicity.  We 

observed a decrease in read counts in the presumed linker region, indicating reduced 

DNaseI digestion between nucleosomes.  A similar plot of DNase-seq read counts 

relative to in vitro dyads, does not display periodicity [Figure 4-10A].  Furthermore , the 

intensity of the periodicity was greatly decreased in DNase -seq reads from naked DNA 

when compared with standard, bound DNA (both in K562)  [Figure 4-13]. 

 

 We also investigated dinucleotide base frequencies in these subsets of DARNS.  

Periodic weak (W=A/T) dinucleotides have been associated with well -positioned 

nucleosomes and tend to be out of phase with strong (S=G/C) dinucleotides [Satchwell et 

al. 1986; Segal et al. 2006]ȭɯɯ6ÌɯÕÖÛÌËɯÛÏÈÛȮɯÐÕɯÉÖÛÏɯƙɀɯÌÕËɯ# 1-2ɯ[Figure 4-ƕƖ"ȼɯÈÕËɯƗɀɯ

 

Figure 4-13: Distribution of Naked DNA compared with Normal DNase -seq 

Reads around DARNS (Normalized by Density of Reads).  



 

135 

end DARNS [Figure 4-12D], SS dinucleotide levels were highest in DNA incorporated 

into the nucleosome, while WW dinucleotides were highest in the linker.  This is 

consistent with previous reports of nucleosomes with GC -rich cores and AT-rich fl anks 

[Valouev et al. 2011].  A similar trend was evident in an equivalent plot relative to the in 

vitro dyads [Figure 4-10B].  Not surprisingly, the periodicity in each plot was again 

strongest over the region of the nucleosome covered by the DARNS, supporting the 

relationship between rotational stability and dinucleotide periodicity. To determine 

whether the periodicity could be recovered at the in vitro dyads, we aligned them by the 

nearest negative strand correlation peak.  The periodicity in dinucleotid e frequency was 

indeed visible and fairly symmetrical  across the surrounding region [Figure 4-10C].  

Notably, the period of SS dinucleotides in all cases was in phase with the peaks of 

DARNS conforming to previous reports that they align to the exposed, di gested minor 

groove while the WW dinucleotides likely occur when the minor groove faces in toward 

the histone surface.  Taken together, these results support the periodic features of DNA 

as it is incorporated into the nucleosome. 

4.2.7 Independent DNase -seq Data Set Generates Similar Results  

To demonstrate the reproducibility of these results in an independent set of 

DNase-seq experiments, we annotated DARNS using combined DNase-seq data (~1.26 

billion reads) from 70 HapMap Yoruba lymphoblast cell lines rec ently generated by the 

Pritchard lab at the University of Chicago (UC) usi ng the same DNase-seq protocol 
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[Degner et al. 2012].  The UC data produced ~13 million DARNS covering ~690 million 

(23.9%) bases of the genome.  This data set was additionally interesting because it 

represented a single cell type isolated from multiple individuals and therefore 

nucleosome positions may be more consistent across the genome. The UC data showed 

the same patterns as the Duke DNase-seq data with respect to aligned read spacing 

[Figure 4-14A] , Fourier analysis [Figure 4-14B], and distribution of correlations scores 

 

 

Figure 4-14: University of Chicago (UC) DNase -seq Data Display Similar Features 

as Duke DNase-seq Data.   

(A) Oscillation Plot for UC data shows 10bp period but not in permuted. (B) 

Fourier Analysis on chromosome 1 of UC r eveals a dominant ~10.5bp period with a 

harmonic shadow at ~21bp. (C) Distribution of correlations in UC has more high 

scores than permuted data. 
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when compared to permuted DNase -seq data [Figure 4-14C; p<10-10].  Therefore, the 

DNaseI digestion pattern appears to be a reproducible feature of this DNase-seq 

protocol.  

 We similarly compared UC DARNS to in vitro  dyads and MNase-seq nucleosome 

data.  The UC DARNS likewise significantly overlapped in vitro dyads (31.6 million 

bases or 32% of the in vitro  nucleosomes, p<0.010,) as well as with the positions of 

DARNS called fr om the multiple cell type data ( 312 million bases or 35% of Duke 

DARNS) [Table 4-1, bottom row; p<10-10]. These indicate that consistent DARNS 

annotations can be obtained from independent DNase-seq experiments. 

4.2.8 Relationship between DARNS and Genomic Features  

Active promoters often contain a nucleosome-free region (NFR or DHS site) at 

the transcription start site (TSS), a -1 nucleosome, and a prominent +1 nucleosome 

followed by decreasingly well -positioned nucleosomes over the gene body [Jiang & 

Pugh, 2009]. We found a significant depletion in Duke [Figure 4-15A] and UC [Figure 4-

15B] DARNS at TSSs compared with intergenic regions (p<10-10), but a 20% enrichment 

around the promoter area compared with background l evels (p<10-10), particularly 

downstream. Thus, our data was in agreement with the established profile of 

nucleosomes around promoters.   

Next, we investigated the positioning of DARNS around different classes of DHS 

sites.  Active DHS sites are nucleosome-depleted by definition, and the DHS has been 
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Figure 4-15: Properties of DARNS around Transcription Start  Sites (TSS) and 

DHS Sites. 
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shown to correlate with the strength of  nearby nucleosome positioning [Gaffney et al. 

2012].  Both Duke [Figure 4-15C] and UC [Figure 4-15D] DARNS demonstrated a strong 

depletion in ubiquitous DHS sites detected in all cell types included in this study when 

compared with random intergenic sites ( p<10-10).  Ubiquitous LCL DHS sites, found in all 

LCLs from the Duke data, also demonstrated DARNS-depletion for both sets (p<10-10).  

These features indicate that DARNS reproduce the depletion of nucleosomes at DHS 

sites that are active in all relevant cell types. 

To explore the profile of DARNS at variably open DHS sites, we divided the 

DARNS into three subsets: (i) 6.7 million Duke -specific DARNS covering 315 million 

bases (10.9%); (ii) 5 million UC-specific DARNS covering 207 million bases (7.2%); and 

(iii) 9 million DARNS shared by both covering 312 million bases (10.8%).  We considered 

the Duke-specific DARNS to be largely ubiquitous because they were only found by the 

diverse cell type data and the UC-specific DARNS to be cell-type-specific because they 

were only found by the LCL data.  When we plotted the distribution of DARNS around 

"ÖÕÛɀËɯɯDARNS identified from Duke (left)  and the University of Chicago [ UC; 

right; Degner et al. 2012] DNase-seq data are depleted around TSS (A, B) and 

enriched in surrounding areas (particularly downstream toward the gene b ody) 

relative to random intergenic coordinates.  (C,D) DARNS (left=Duke; right=UC) are 

most depleted around ubiquitous DHS Sites present in all cell types (Ubiquitious 

DHS), as well as ubiquitious DHS sites identified in all LCL cell lines (Ubiquitous  

LCL).  DARNS were identified as Duke -specific (E), UC-specific (F), and shared by 

both datasets (G).  (E) Duke-specific DARNS but are depleted around non -LCL 

DHS sites (yellow) and are enriched around LCL -specific DHS (green).  (F) In 

contrast UC-specific DARNS are enriched for non -LCL DHS sites and deplete d 

around LCL -specific DHS sites.  (G) DARNS shared by both datasets show similar 

patterns around these DHS sites.  
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DHS sites present in LCLs but not other cell types (LCL -specific DHS), we found a 

Duke-specific enrichment [Figure 4-15E; p<10-10] and UC-specific depletion [Figure 4-15F; 

p<10-10] of DARNS over the middle of these DHS sites.  This is consistent with LCL-

specific DHS sites being open in LCLs and closed in other cell types.  In contrast, DHS 

sites present only in non-LCL cell types (non-LCL DHS) showed the reverse trend with a 

Duke-specific depletion [p<10-10] and UC-specific enrichment [p<10-10] of DARNS.  The 

shared DARNS showed similar profi les for both sets of DHS sites [Figure 4-15G].  

Likewise, when we analyzed DHS sites detected in a single non-LCL cell type (HUVEC), 

Duke-specific DARNS and shared DARNS were depleted [Figure 4-16; p<10-10]. This 

indic ates that DARNS common to Duke and UC data were among the strongest, most-

conserved DARNS that maintained their periodic positioning across all cell types while 

 

Figure 4-16: DARNS surrounding HUVEC DHS Sites.   

Normalized distribution of Duke -specific , UC-specific, and shared DARNS 

around DHS sites identified from a single cell -line (HUVEC).  Note the depletion 

of Duke -specific and shared DARNS but enrichment in UC -specific DARNS.  
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group -specific DARNS change according to varying DHS.  When cell-specific regulatory 

regions are inactive, they may be blocked by rotationally stable nucleosomes. 

4.3 Discussion  

In this study, we provide evidence that the rotational positioning of nucleosomes 

can be annotated from genome-wide DNaseI digestion patterns derived from DNase -seq 

data, and that many regions of the genome maintain nucleosome rotational stability 

across diverse cell types.  In addition to enabling us to explore ubiquitously present 

nucleosomes, we found evidence of cell type specific nucleosome positioning by 

comparing to a second, independent DNase-seq data set from a single cell type.  With 

future high -sequencing potential, it will be possible to use our model on single cell type 

DNase-seq experiments to further explore cell type specificity.  We note that using 

DNase-seq in this manner signifies a distinct  approach from MNase-seq in uncovering 

properties of and annotating nucleosome positions.  Although DNase -seq will likely not 

supplant MNase -seq for identifying translational nucleosome positions, it can provide a 

complementary view of stable nucleosomes and provide unique information on 

rotational positioning.  

Because DARNS provide spatial information regarding the orientation of DNA 

in a nucleosome, they can be used to give context to or align other features of DNA such 

as nucleotide frequencies and regulatory motifs. This was illustrated by aligning 

dinucleotide periodicities around in vitro dyads [Figure 4-10C].  Since DNaseI is known 
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to digest in the minor groove of DNA, positions corresponding to correlation peaks in 

DARNS will indicate where the minor grooves are likely facing away from the histone  

surface [Cousins et al. 2004; Noll 1974]. A comparable connection was shown between 

the rotational positioning of nucleosomes and DNA methylation in the minor groove 

[Chodavarapu et al. 2010]. 

Furthermore, many DARNS appear to cover only one side of annotated 

nucleosomes.  We hypothesize that the periodic pattern that forms the basis of our 

model is weaker at the dyad, preventing DARNS from extending across to the opposite 

half.  Since a nucleosome is composed of DNA wrapped around two histone tetramers, 

we suggest the periodic constraint imposed on DNase digestion is relaxed as it 

transitions from one histone tetramer to the next.  This may be related to the loss in 

conservation of the dinucl eotide periodicity at the dyad [ Ioshikhes et al. 2011; Albert et 

al. 2007].  Additionally, it has been proposed that pairs of nucleosomes incorporated into 

higher order structures ɬ like 30nm fibres ɬ are asymmetrically protected from DNas e 

digestion [Staynov 2000)] which may contribute to DARNS mapping to only one side of 

the nucleosome but not extending across the dyad.   

The positioning of ubiquitous and cell -type-specific DARNS may help our 

understanding of cell -specific gene regulation.  Our results suggested that although 

variably open DHS sites were strongly depleted of DARNS when active, DARNS 

reappear in cell types where they are closed.  For regions that contain a well-positioned 
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nucleosome, our ability to determine the orientation  of the major and minor groove 

relative to the histone surface may allow us to better understand how transcription 

factors initially access these nucleosome bound cis-regulatory elements in response to 

changing cell conditions.  For example, a binding site that maps to DNA covered by a 

nucleosome can be exposed on cue by chromatin remodelers that evict the nucleosome 

or shift the rotational settings [Jiang & Pugh 2009].  Several models have been proposed 

for estimating TF binding while taking into account p redicted nucleosome occupancy 

[Narlikar et al. 2007; Raveh-Sadka et al. 2009]; these may benefit from incorporating 

relevant information from in vivo DARNS. 

Finally, DARNS may be used as a starting point for investigating higher order 

nucleosome structures in vivo.  There are two proposed structures for how linear arrays 

of nucleosomes form 30nm fibres [Tremethick 2007].  These hierarchical organizations of 

nucleosomes are likely to form inaccessible regions that may result in a recognizable 

pattern of DNase I digestion [Staynov 2000]: this may be reflected as higher-order 

patterns in our data.  Nucleosomes are also further compacted into chromosomal 

structures like centromeres, telomeres, and heterochromatin [Van Holde & Zlatanova 

1995]. DNase-seq data may be able to contribute to our understanding of how 

nucleosomes are incorporated into these chromosome architectures which will help to 

elucidate how the genome is spatially organized 
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4.4 Methods  

4.4.1 DNase-seq and FAIRE -seq Data.   

The Duke DNase-seq data is a composite of  the results from the following 49 

samples (7 lymphoblast cell lines [LCLs] and 42 unique cell types) with replicates: 

GM12891, GM12892, GM12878, GM19238, GM19239, GM19240, GM18507, A549, 

Chorion, CLL, D721, E_myoblast, FB0167P, FB8470, Fibroblasts_park, FSHD_myoblast, 

H1_ES, H54, H9_ES, HelaS3, HelaS3_IFNA, Hepatocytes, HepG2, HMEC, HPDE6, 

Huh7_5, Huh7, HUVEC, iPS, K562, LHSR, LHSR_induced, LnCAP, LnCAP_induced, 

MCF7, Melanocyte, Myoblast, Myometrial, Myotube, NHEK, Osteoblast, 

Pancreatic_islets_dedif, Pancreatic_islets, PATu8988T, SM_SFM, Stellate, T47, TE, 

Trophoblast.  

The UNC Chapel Hill FAIRE -seq data is a composite of the results from 19 

samples (a subset of the 49) with replicates from the Lieb lab [Giresi et al. 2007]: 

GM12891, GM12892, GM12878, GM19238, GM18507, A549, D721, H1_ES, H54, HelaS3, 

HelaS3_IFNA, HepG2, HUVEC, K562, LHSR, LHSR_induced, NHEK, Pancreatic_islets, 

Trophoblast. More information on these cell types can be found at 

genome.ucsc.edu/ENCODE/cellTypes.html. The UC DNase-seq data originated from 

lymphoblast cell -lines from 70 individuals with replicates [Degner et al. 2012]. 

Total genomic DNA was purified from unfixed K562 cells using phenol 

extraction and ethanol precipitation.  This naked DNA was treated with diluti ons of 
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DNase, and optimal digestion patterns were visualized on an agarose gel.  This material 

was used to generate a DNase-seq library using standard methods described earlier. 

All Duke and UNC data was aligned to the hg19 Human Genome Assembly, but 

the raw UC data was aligned to hg18. 

4.4.2 Combining Multiple Cell Types  

Sequence files for individual cell types consisted of reads combined across all 

replicates. In our merged data, we counted, for each base, the number of cell types with 

an aligned read starting at that base, considering each strand separately. The value at 

each base on each strand was used as the representative aligned sequence read count for 

that base. This was done for each of the Duke DNase-seq, UC DNase-seq, and FAIRE-

seq data sets.  

4.4.3 Permuted DNase -seq data.   

Given the combined Duke DNase-seq file described above, the positions of 

aligned read counts were randomly permuted within 1000bp windows disrupting 

periodic signals while maintaining the local distribution of read counts.  

4.4.4 Fourier Transform Analysis .   

The fft (fast fourier transform) function in MATLAB was used to calculate the 

Fourier transform for 1000bp sliding windows (100bp overlap).  The dominant 

frequency in each window was set to the maximum of all frequencies gr eater than 0.001. 
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These values were inverted to calculate the period and used to create the histogram of 

the dominant periods across all windows.  

4.4.5 Pattern of DNaseI Digestion around the Nucleosome and 
Correlation Peaks.   

The frequencies of distances between DNaseI digestion sites (y-axis) were 

extracted for the distances 21-111 bases (x-axis) from the plot shown in Figure 4-1B.  This 

subset was selected to avoid the artifact at ~20bp resulting from sequence length.  

Moreover, this pattern is large enough to capture the DNase digestion period but small 

ÌÕÖÜÎÏɯÛÖɯÍÐÛɯÔÜÓÛÐ×ÓÌɯÊÖ×ÐÌÚɯÞÐÛÏÐÕɯÛÏÌɯÛà×ÐÊÈÓɯÕÜÊÓÌÖÚÖÔÌɯÙÌÎÐÖÕÚȭɯɯ6ÌɯɁÍÓÈÛÛÌÕÌËɂɯ

these values by setting minima points to 0 and re-scaling the remaining values 

accordingly, then mirroring to the left to create a symmetric pattern of DNaseI digestion 

around the nucleosome [Figure 4-7].  For each strand, we calculated the correlation 

between the nucleosome pattern and the read counts in 91bp sliding windows across the 

genome and assigned the score to the center base.  We estimated the significance of the 

difference in variance between the distributions of DNase and permuted correlations 

using an F-test.  Correlation peaks were defined as local maximums that were bounded 

by negative correlation values.   

4.4.6 Nucleosome Annotations and Comparisons.    

The function featureBits, part of the UCSC toolbox (Kent et al. 2002), was used to 

calculate base overlaps between genomic regions annotated as DARNS, control regions, 

and extended in vitro dyads. P-values for the percentage of bases in the overlaps were 
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calculated using hypergeometric tests.  The locations of in vitro dyads inferred from 

well -positioned nucleosomes were based on MNase-seq experiments performed in the 

Sidow lab on naked DNA combined with histon es [Valouev et al. 2011].  To determine 

overlap, we generated in vitro  nucleosome boundaries by extending the dyads by 80bp 

in both directions.  The function liftover, also part of the UCSC toolbox, was used to 

translate the positions of both the in vitro nucleosomes and the UC DARNS from the 

hg18 to hg19 assembly (Kent et al. 2002). We removed sites that corresponded to 

ɁÉÓÈÊÒÓÐÚÛÌËɂɯÙÌÎÐÖÕÚɯÈÚɯËÌÚÐÎÕÈÛÌËɯÉàɯÛÏÌɯ$-".#$ɯ×ÙÖÑÌÊÛɯÈÕËɯÈÝÈÐÓÈÉÓÌɯÞÐÛÏÐÕɯÛÏÌɯ

UCSC Genome Browser, Mapability annotation track (http://genome.ucsc.edu/; Kundaje A 

& Birney E unpublished) .  The regions of significant enrichment in the in vitro  dyad 

profile [ Figure 4-9C] scored p <0.05 after Bonferroni correction of the Poisson 

distribution derived from the permuted data.  The MNase -seq data sets for the GM12878 

lymphoblast cell line and the K562 leukemia cell line were produced by the Snyder lab 

and are also available within the UCSC Genome Browser, Nucleosome Position by 

MNase-seq from ENCODE/Stanford/BYU [http://genome.ucsc.edu/; Snyder M, Raha D, 

Johnson S, Winters E, Sidow A, Weng Z, Smith C, Lacroute P, Cayting P, Kundaje A. 

unpublished] .  These data were downloaded as a processed file with normalized 

nucleosome occupancy scores for each base.  The regions of significant enrichment in the 

GM12878 MNase-seq occupancy signal profile [Figure 4-9D] scored p-value<0.05 after 

Bonferroni correction of the Gaussian distribution derived from the permuted data.  
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4.4.7 Distribution of DARNS around Genomic Features.    

For comparison, we chose ~20,000 random intergenic sites from large alignable 

regions (> 2500bp excluding repetitive regions and alignment gaps) across the genome.  

To investigate the distribution of DARNS around genomic features, we summed the 

number of instances in which DARNS overla pped each base around the reference point 

(transcription start site (TSS) for promoters, midpoint of the feature (DHS site or random 

intergenic) and binned into 25bp windows.  Then, we normalized for the number of sites 

in the set of genomic features [Figure 4-15] or the number of bases covered by each type 

of DARNS [ Figure 4-16].  For the UC DARNS, we used the translated hg19 assembly 

positions. P-values were calculated using the c2 statistic by comparing the number of 

DARNS covering the window of the TSS or DHS midpoint with the number covering 

random intergenic sites.  Fold enrichment of promoter region was calculated similarly 

by comparing to the average random level. 

4.5 Predicting & Evaluating DARNS  

4.5.1 Designing the Hidden Markov Model (HMM)  

We chose to use a Hidden Markov Model (HMM) to distinguish the DNaseI 

digestion pattern around rotationally stable nucleosomes from background digestion. 

HMMs are commonly used in computational biology to reveal the hidden states of 

genomic bases that are each associated with an observed ɁÌÔÐÚÚÐÖÕɂɯ[Rabiner 1989; 

Choo et al. 2004].  In our case, the emissions are represented by values indicating 
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whether the underlying bases are peaks in digestion.  We also decided that the Viterbi 

algorithm was most suitable because it output the most probable path through the states 

and would provide us with exact coordinates for DARNS.  

To generate the input, genomic positions were labeled as being a positive 

correlation peak (1), a negative correlation peak (-1), or neither/both (0), with each strand 

being considered separately [correlation peaks defined in Section 4.4.5]. The resulting 

strings of labels were input into a Hidden Markov Model (HMM) that consisted of 14 

states with transitions as depicted in Figure 4-17.  In the single background state, the 

emissions probabilities for the base labels (-1, 0, 1) were based on the empirical data 

from random genomic regions and did not conform to the expected DNaseI digestion 

pattern within the nucleosome. TÏÌɯÙÌÔÈÐÕÐÕÎɯɁÕÜÊÓÌÖÚÖÔÌɂɯÚÛÈÛÌÚɯÙÌ×ÙÌÚÌÕÛÌËɯÛÏÌɯ

expected cycle between positive and negative correlation peaks within the nucleosome; 

the path through the states as well as the associated emission and transition probabilities 

  

Figure 4-17: Diagra m of States in DARNS HMM  
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were derived from observed fr equencies and distances between peaks [see Table 4-2 for  

HMM probabilities].  A region with the desired pattern, which we refer to as a DARNS, 

starts and ends in the state representing either the negative (-1) or positive (1) peak.   

Then, the number of 0 ÖÙɯɁÕÖɯ×ÌÈÒɂɯÚÛÈÛÌÚɯÉÌÛÞÌÌÕɯÊÖÙÙÌÓÈÛÐÖÕɯ×ÌÈÒɯÚÛÈÛÌÚɯÙÌÍÓÌÊÛÚɯÛÏÌɯ

observed probable spacing.  

Table 4-2: HMM Parameters for Predicting DARNS.  

The shaded cells show the emission probabilities for the three possi bilities ( -1,0,1).  

The remaining cells show the transmission probability: cell( i,j ) indicates the 

probability of passing from state i  to state j . 

State BG - 1 2 3 + 4 5 6 7 8 9 10 11 

-1 

0 

1 

.09 

.82 

.09 

.98 

.02 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

.02 

.98 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

0 

1 

0 

BG .96 .02 0 0 0 .02 0 0 0 0 0 0 0 0 

- .005 0 .76 0 0 .235 0 0 0 0 0 0 0 0 

1 0 0 0 .6 0 .4 0 0 0 0 0 0 0 0 

2 0 0 0 0 .29 .71 0 0 0 0 0 0 0 0 

3 0 0 0 0 0 1 0 0 0 0 0 0 0 0 

- .005 0 0 0 0 0 .995 0 0 0 0 0 0 0 

4 0 0 0 0 0 0 0 1 0 0 0 0 0 0 

5 0 0 0 0 0 0 0 0 1 0 0 0 0 0 

6 0 0 0 0 0 0 0 0 0 1 0 0 0 0 

7 0 0 0 0 0 0 0 0 0 0 1 0 0 0 

8 0 .05 0 0 0 0 0 0 0 0 0 .95 0 0 

9 0 .28 0 0 0 0 0 0 0 0 0 0 .72 0 

10 0 .59 0 0 0 0 0 0 0 0 0 0 0 .41 

11 0 1 0 0 0 0 0 0 0 0 0 0 0 0 

The hmmviterbi function in Matlab was used to determine the optimal path 

through the HMM for each chromosome. The location of all correlation peaks within a 

DARNS was recorded, and the Mid -Peak was set to the middle most negative peak 
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within each DARNS.  Coordinates for DARNS and correlation peaks are available at 

http://fureylab.web.unc.edu/datasets/darns/. 

4.5.2 Estimating False Discovery Rate (FDR)  

The False Discovery Rate (FDR) is a measure of the proportion of results that are 

expected to be incorrectly annotated.  In our case, we want to estimate the percent of 

DARNS that did not truly represent rotationally stable nucleosomes.  We achieved this 

by comparing DARNS to the control set of regions annotated by running our HMM on 

the permuted DNase-seq data.  Since we do not expect the randomly-positioned control 

set to overlap nucleosomes, DARNS that resemble them are unlikely to be authentic. 

For each of the following 14 features we calculated the Kolmogorov-Smirnov p -

values indicating the chance that the vaÓÜÌÚɯÍÖÙɯÛÏÌɯɁÛÙÜÌɂɯ# 1-2ɯȹÍÙÖÔɯ#-ÈÚÌ-seq 

ËÈÛÈȺɯÊÈÔÌɯÍÙÖÔɯÛÏÌɯÚÈÔÌɯËÐÚÛÙÐÉÜÛÐÖÕɯÈÚɯÛÏÌɯɁÍÈÓÚÌɂɯ# 1-2ɯȹÍÙÖÔɯ×ÌÙÔÜÛÌËɯËÈÛÈȺȯɯ

ÓÌÕÎÛÏɯȹÉ×ȺȮɯÕÜÔÉÌÙɯÖÍɯÊàÊÓÌÚɯÛÏÙÖÜÎÏɯ',,ɯɁÕÜÊÓÌÖÚÖÔÌɂɯÚÛÈÛÌÚɯȹƔȭƙɯÍÖÙɯÌÈÊÏɯ×ÌÈÒɯ

state passed), sum of reads within the DARNS, read density, value of maximum 

positive strand correlation peak, value of maximum negative strand correlation peak, 

mean of positive strand correlation peak values, mean of negative strand correlation 

peak values, sum of positive strand correlation peak values, sum of negative strand 

correlation peak values, spacing to nearest upstream DARNS (bp), spacing to nearest 

downstream DARNS (bp), the HMM posterior probability of the path through the 

background state, and the HMM posterior probability of the path through the 
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nucleosome set of states.  The distinction between the true and false DARNS for all of 

these features was highly significant.  These features were then used as input for a 

multivariate linear regression analysis that we developed as a classifier to distinguish 

between true (1) and false DARNS (0).  We divided DARNS into 10 equal sized sets and 

trained the classifier on one tenth of the data, then predicted the class for the 

remainder.  We repeated this 10 times and averaged the nine test scores to determine a 

confidence value for each DARNS.  Then, we plotted the ROC curve (True Positive Rate 

vs. False Positive Rate) for the performance of the classifier and calculated the Area 

under the Curve (AUC) [Figure 4-18].   

 

Next, we determined the number of true DARNS that grouped with the false 

DARNS when classified by these features.  In other words, the number of true DARNS 

that scored below 0.5.  This percentage became our estimate for the FDR: 8.14%. 

 

Figure 4-18: Accuracy of Regression Classifier  

The ROC curve for the multivariate linear regression classifier, AUC = 0.975,  
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4.5.3 Expanding the Model for  Dyads  

As demonstrated in Section 4.2.5, our current model for annotating DARNS 

tends to predict only one side of the nucleosome without covering the dyad.    It would 

be useful to bui ld a model that can connect the nucleosome halves in order to predict th e 

whole nucleosome.  Such a model may take into consideration the differing attributes of 

ƙɀɯÈÕËɯƗɀɯnucleosome halves.  These nucleosome halves have distinct profiles of DNase 

digestion and distributions of dinucleotides depending on whether they map to th ÌɯƙɀɯÖÙɯ

ƗɀɯÚÐËÌɯÖÍɯÕÜÊÓÌÖÚÖÔÌÚɯȻ2ÌÊÛÐÖÕɯ4.2.6].  However, initial analysis suggests that these 

differences are not strong enough in an individual locus to  provide a decisive way to 

distinguish from which side it originated . 

Another approach to predicting w hole nucleosomes would be to annotate the 

dyad region between histone tetramers.  The major obstacle is the difficulty in 

discriminating between digestion in the dyad and the linker region since neither exhibits 

strong periodicity.  However, it seems that the dyad is more accessible to DNaseI 

digestion than the linker region [Figures 4 -12A, B & 4-10A].  Future models will have to 

consider the lack of periodicity as well as the level of digestion when annotating whole 

nucleosomes.  Likewise, the underlying D NA composition  may be informative since 

nucleosomes cores are C-G rich while the flanking regions are AT -rich [Figures 4-12C, 

D].  A successful model will likely incorporate annotations of the linker, dyad, and each 

nucleosome half using various features of DNaseI digestion and DNA sequence.  Whole 
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nucleosome predictions may provide a clearer picture of stable chromatin structure 

across the genome. 

4.6 Stable Nucleosomes & More Genomic Features  

In the previous sections, we investigated a number of genomic features with 

respect to DNaseI digestion sites and locations of DARNS.  However, there are other 

annotated regions that have also been linked to the positioning of nucleosomes.  Here, 

we expand our analysis to include several of these additional genomic features.  

 

In Section 4.2.1, we plotted the distribution of spacing between DNase -seq read 

counts across the genome.  We also focused specifically on reads within and outside of 

DHS sites.  It has been suggested that CpG islands directly occlude nucleosome binding 

[Fenouli et al. 2012].  To determine whether this would be evident in the pattern of 

 

Figure 4-19: Distribution of Spacing between DNase Reads from Selected Sites.  

Reads in CpG islands (blue) are periodically spaced while reads in gene desserts 

(red) are not. 






















































































