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Abstract 
Understanding transcription factor specificity is a critical endeavor in modern 

biology.  Together with the primary sequence of DNA, the accessibility of DNA for 

protein binding is a major determinant of transcription factor activity.  Chromatin 

structure results from the interactions between DNA and proteins, and can be 

dynamically modified to permit or inhibit factor binding.  The overall accessibility of 

DNA for factor binding, representing the sum of numerous chromatin properties, can be 

measured in a single experiment that utilizes the hypersensitivity of accessible DNA to 

cleavage by the DNaseI enzyme.  This thesis integrates genome-wide DNaseI 

hypersensitivity analysis with transcription factor binding information and expression 

data to elucidate the function of the androgen receptor (AR), a nuclear receptor critical 

for prostate cancer development and progression.  In addition, this integrative approach 

is applied to determine the modifying impact of a nuclear receptor, REV-ERBα, on AR 

function as well as that of CTCF in a breast cancer cell line model.   

Analysis of data gathered from a prostate cancer cell line model offer a new 

model for AR binding to DNA, whereby the AR is not limited to binding chromatin that 

is accessible prior to its activation.  AR activation by its androgen ligand was associated 

with significant increases in chromatin accessibility that correspond to both AR binding 

and the motifs of potential collaborators in the AR-mediated cellular phenotype.  These 

changes in chromatin accessibility were also significantly associated with AR-regulated 

gene expression changes.  Furthermore, base pair resolution of the DNaseI cleavage 

profile revealed three distinct patterns of AR-DNA interaction, providing the first in vivo 

evidence of multiple modes of AR interacting with the genome.   
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A novel role for the nuclear receptor REV-ERBα in AR-mediated transcription 

was explored within the same model system.  Though preliminary, results thus far 

indicate that REV-ERBα is required for AR-induced increases in target gene 

transcription in a manner that is likely dependent on HDAC3.  Genetic knockdown of 

REV-ERBα resulted in notable changes in chromatin accessibility, which together 

suggests that REV-ERBα is necessary for the increases in accessibility associated with AR 

activation.   

Genomic regions whose chromatin became more open with androgen induction 

were enriched for CTCF motifs, suggesting an important role for this factor in chromatin 

structure.  The function of CTCF was interrogated using stable knockdown in a breast 

cancer cell line model.  CTCF knockdown led to widespread changes in chromatin 

accessibility that were dependent on DNA sequence patterns.  Motif analysis of regions 

with increased chromatin accessibility after CTCF knockdown suggested that AP-1 and 

FOXA1 might be involved in the cellular adaptation to low levels of CTCF.   

Overall, the work presented in this dissertation offers novel insight into the 

behavior of transcription factors in cancer, and describe a framework of analysis that can 

be extended and applied to numerous stimuli and/or transcription factors in a variety of 

cellular contexts.   
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1. Introduction  
The initial sequencing of the human genome was published over a decade ago 

(Lander et al. 2001), marking one of the first endpoints in a multinational collaboration 

to decipher the broad language encoding the human phenotype.  Analyses from this 

initial report, and a more complete follow-up (2004), led to the surprising conclusion 

that the number of protein-coding genes in the human genome is likely around 25,000, 

lower than initially estimated. Despite the human genome being 25 times larger than the 

next largest genome sequenced at the time, the number of protein-coding genes is 

comparable to that of C. elegans (1998), a nematode that consists of approximately 1,000 

total cells.  This observation poses the following question: if the number of genes does 

not explain the vast difference in complexity between nematodes and humans, what 

does?  The answer to this query lies partially in the sophistication of regulatory 

mechanisms governing the spatial and temporal expression of genes in humans (Levine 

and Tjian 2003).  These regulatory mechanisms are both genomic, referring to DNA 

sequence, and epigenomic, referring to reversible modifications to either the nucleotides 

of DNA sequence or to the proteins involved in packaging DNA in the nucleus, without 

altering the sequence itself (Jenuwein and Allis 2001).   

1.1. Genomic regulation of gene expression 
Genomic DNA provides both the template for functional and protein-coding 

RNAs and cis-regulatory elements for gene expression regulation.  These cis-regulatory 

elements are recognition sequences for trans-acting DNA-binding transcription factors.  

Recent analyses suggest that approximately 1,700-1,900 sequence-specific DNA-binding 

transcription factors are encoded in the human genome, with over 80% of factors falling 

within three families: C2H2 zinc-finger, homeodomain, and helix-loop-helix (Luscombe 
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et al. 2000).  The complete annotation of transcription factors and their function remains 

an active area of research (Vaquerizas et al. 2009).  The spatial and temporal interaction 

between transcription factors and cis-regulatory elements is a major mechanism by 

which cellular diversity is derived from the human genome.   

 

Figure 1: Classes of known cis-regulatory elements. (A) Promoters are upstream of 
transcriptional start sites and serve as anchoring points for the basal transcriptional 

machinery. (B) Enhancers activate gene transcription via physical contact with 
promoters in a manner independent of location and orientation. (C) Repressors 

decrease gene transcription in a manner that remains poorly characterized. (D)-(E) 
Insulators function as either enhancer blockers when located between an enhancer 

and promoter, or demarcate regions of heterochromatin from euchromatin. 

Cis-regulatory elements are classified both by their impact on transcription as 

well as their location relative to genes (Figure 1)1.  Regions proximally upstream of 

transcriptional start sites (TSS) are referred to gene promoters, which serve as the 

                                                        
1 Republished with permission of Annual Review of Genomics and Human Genetics, from “Genomics of Long-
Range Regulatory Elements” by James Noonan and Andrew McCallion, Volume 11, pgs 1-23, 2010; 
permission conveyed through Copyright Clearance Center, Inc. 
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gathering point for basal transcription factors (Maston et al. 2006).  Although promoter 

length is not formally defined, it is generally considered to be the 1-2 kilobases (kb) 

upstream from the TSS of a gene.  Promoters are further subdivided into a core 

promoter region, which represents the minimum sequences required to initiate 

transcription (Smale and Kadonaga 2003), and proximal regulatory elements.  Cis-

elements outside the promoter region are classified into three broad categories: 

enhancers, repressors (also known as silencers), and insulators.  When bound by 

transcription factors, enhancers activate transcription, repressors inhibit transcription, 

and insulators can both block enhancer function as well as demarcate active regions 

from repressed regions of the genome (Noonan and McCallion 2010).  Of the three non-

promoter regulatory elements, repressors are the least well characterized.  A few 

examples of repressive transcription factors such as NRSF/REST (Coulson 2005) and 

ZEB1 have been studied in significant detail, but overall very little is known about the 

trans-factors that bind repressive cis-elements or their mechanism of gene expression 

silencing.  The transcription factors studied in this thesis are primarily understood to 

bind enhancer, promoter and insulator elements.  Therefore, this introduction will focus 

on enhancers, and the introduction to Chapter 4 will provide background on insulator 

elements.    

1.1.1. Enhancers 

Enhancers were first described thirty years ago as sequences that activate 

transcription in a manner independent of their position and orientation relative to target 

promoters (Banerji et al. 1981; Moreau et al. 1981; Banerji et al. 1983; Gillies et al. 1983).  

Functional proof of enhancer activity is established using transient reporter gene assays 

in cell culture, which place the enhancer sequence near a heterologous promoter to 

activate transcription of a detectable signal such as luciferase.  The prevailing 
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understanding of the mechanism of action for enhancers involves “looping” or 

organization of the genome such that enhancer elements are in direct contact with their 

target promoter (Blackwood and Kadonaga 1998; Bulger and Groudine 1999; de Laat et 

al. 2008; Bulger and Groudine 2011).  Several variants of this model have been posited, 

including a looping and tracking model where RNA polymerase II (Pol II) binding is 

initially established at enhancer elements that bind other transcription factors followed 

by Pol II tracking 1-dimensionally over time along DNA to the promoter (Wang et al. 

2005).  The chromsome conformation capture (3C) assay (see Appendix D) and its high-

throughput extensions have provided much of the support for the looping model, 

whereby linearly distant fragments of the genome are shown to interact with greater 

frequency than expected (Dekker et al. 2002). 

Several analyses indicate the significance of enhancers for gene transcription in 

human disease.  For example, chromosomal rearrangements at the β-globin gene locus 

were found to reposition enhancers required for its physiologic expression, causing an 

imbalance in the ratio of α-globin to β-globin in red blood cells that leads to the blood 

disease thalassemia (Kioussis et al. 1983).  Mutations within enhancers have been linked 

to preaxial polydactyly (Lettice et al. 2003), in which humans are born with an extra 

thumb, as well as Hirschsprung’s disease (Emison et al. 2005), in which children lack 

function in parts of their colon due to absence of neural ganglion cells.  Remarkably, the 

sequence element associated with preaxial polydactyly is located within the intron of a 

gene 1 Mb away from the dysregulated SHH gene, which causes the phenotype.  These 

examples illustrate that enhancers can exert their impact over long distances, can be 

located within non-coding elements of genes, and are critical for maintaining fidelity of 

gene expression and tissue development.  Therefore, significant effort has been devoted 

to the identification of enhancer elements across the genome.    
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Whereas sequencing the 5’ end of messenger RNA is sufficient to identify gene 

promoters, the flexibility of location and orientation characteristic of enhancers presents 

a unique challenge to their discovery.  One approach to enhancer identification involves 

locating known transcription factor binding motifs throughout the genome.  Due to the 

size of the genome and relative degeneracy of transcription factor binding motifs, 

millions of such locations can be found.  However, recent mapping of transcription 

factor binding genome-wide using chromatin immunoprecipitation coupled with high-

throughput sequencing of the isolated fragments (ChIP-seq)  (see Appendix D) in 

hundreds of studies over the past five years has shown that only a small percentage of 

putative transcription factor binding sites are occupied.  Moreover, a substantial 

proportion of binding sites do not contain DNA motifs canonically associated with 

either the transcription factor to which they are bound, or any other factor.  These 

observations confound de novo attempts to identify enhancers from DNA motifs alone. 

  Comparative genomic strategies have further enabled DNA sequence-based 

enhancer discovery.  These analyses rely on the assumption, bolstered by retrospective 

study of well-known enhancer elements, that cis-regulatory elements are subject to 

evolutionary conservation and constraint (Moon and Ley 1990; Malicki et al. 1992).  As a 

point of clarification, conservation implies that a sequence is more similar to an 

orthologous sequence in another species than would be expected by the evolutionary 

distance between that species and humans, whereas constraint implies that a sequence 

has the same function in two different species.  Sequence conservation does not imply 

constraint, and vice versa (Cooper and Brown 2008).  Multiple studies were able to show 

that elements conserved between humans and both near and distant species are 

enriched for enhancers, and further found that these sequences tend to be located near 

genes important in development (Bejerano et al. 2004; Cooper et al. 2005; Siepel et al. 
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2005; Woolfe et al. 2005; Prabhakar et al. 2006; Visel et al. 2008).  However, data gleaned 

from the multinational ENCODE consortium, a group of investigators focused on 

identifying regulatory elements across the genome (Birney et al. 2007), suggest that a 

large proportion of enhancers are not subject to evolutionary constraint.  Additionally, 

deletion of specific highly conserved elements in mice yielded no phenotypic impact 

(Ahituv et al. 2007), suggesting that at least some conserved DNA sequences are in fact 

quite dispensable.  Due to the limitations of using transcription factor binding motifs, 

evolutionary conservation and constraint to predict enhancers, efforts persist to identify 

alternative sequence properties common to enhancers (Lee et al. 2011). 

As alluded to above, utilizing genome-wide maps of transcription factor binding 

ascertained by ChIP-seq is a powerful and accurate tool for enhancer prediction.  This 

experimental approach bypasses the limitations of de novo approaches and directly 

identifies genomic regions occupied by trans-acting factors.  For example, Zinzen and 

colleagues mapped the binding sites of five factors important in Drosophila 

differentiation at different stages of development.  They used the obtained combinatorial 

binding profiles to train a machine-learning algorithm that could both predict over 75% 

of previously identified tissue specific enhancers as well as new putative enhancers.  

Critically, approximately 75% of the newly predicted enhancers tested were validated in 

transient reporter assays (Zinzen et al. 2009).  This study highlights two key points: (1) 

utilizing information from several inputs such as transcription factor binding is 

synergistically informative for enhancer prediction, and (2) computational modeling 

methods, while requiring specific expertise, are an invaluable tool for efficient 

harvesting of biological information from genome-wide studies.  These lessons have 

been applied in more recent studies that will be discussed in subsequent sections to 

further improve enhancer prediction.  One important limitation of transcription factor 
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ChIP-seq as a method for annotating enhancers is that occupancy does not infer 

function; thus, a reporter assay or some variation of chromosomal conformation capture 

is additionally required for validation.  A second limitation is that sequence motifs are 

not the sole determinant of transcription factor occupancy.  In sections 1.2-1.4, additional 

properties that permit transcription factor binding to DNA will be elaborated upon.    

Two seminal papers in 2010 identified an additional property of cis-regulatory 

elements beyond their capacity as factor binding templates.  One study (Orom et al. 

2010) examining the impact of non-coding RNAs (ncRNA) upon cellular phenotype 

found that depletion of specific ncRNAs impacted expression of the gene nearest the 

genomic sequence of that RNA.  Interestingly, placing the ncRNA into a heterologous 

enhancer assay validated that the RNA itself possessed enhancer function.  These 

ncRNAs are polyadenylated, which is in critical contrast to the second identified class of 

RNAs transcribed at enhancers.  In the second study, Kim and colleagues took 

advantage of global run-on RNA sequencing (GRO-seq, see Appendix D) analysis to 

identify non-polyadenylated and bidirectional RNAs transcribed at neuronal enhancers 

(Kim et al. 2010).  The authors termed these transcripts  “eRNAs”.  Importantly, one 

eRNA required presence of the target promoter to be transcribed, suggesting that 

eRNAs are a mark for a functional enhancer-promoter interaction.  Although the 

mechanism of action of these enhancer-related RNAs remain unclear, the identification 

of eRNAs offers the potential to further improve enhancer prediction. 

In summary, genomic DNA regulates gene expression by serving as a template 

for two biological functions: (1) transcription factor recognition and binding, which 

enhances gene transcription most likely via genome looping to create direct enhancer-

promoter interaction, and (2) transcription of multiple types of enhancer related RNAs 
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that are required for gene transcription.  In the next sections, epigenomic determinants 

of enhancer function and gene expression are discussed. 

1.2. DNA is packaged into chromatin 
Watson and Crick’s 1953 model for the structure of DNA identified the length of 

one nucleotide as 3.4 angstroms (Watson and Crick 1953).  Given the length of the 

human genome is approximately 3 billion base pairs, the entire genome laid out like a 

string would span just over 1 meter.  Eukaryotic cells package their lengthy genomes 

into the nucleus by wrapping DNA into histone protein complexes, and the resulting 

protein-DNA complex is referred to as chromatin.  

The histone protein family consists of five small, positively charged proteins (H1, 

H2A, H2B, H3 and H4) and their variants.  The latter four proteins each possess 

hydrophobic c-terminal domains that facilitate their dimerization and subsequent 

aggregation into an octamer.  The n-termini of histone proteins are highly basic, which 

allows interaction with negatively charged DNA via electrostatic forces (Van Holde et al. 

1974). The histone octamer in complex with DNA and an H1 molecule constitute the 

basic functional unit of chromatin, called the nucleosome (Oudet et al. 1975).   

Digestion of genomic DNA using the MNase enzyme, which has a preference for 

the DNA between nucleosomes (linker DNA), has revealed that approximately 147 bp 

are wrapped in 1.7 turns of the helix around the core octamer, and an additional 20 bp 

are wrapped around the H1 histone protein.  The length of DNA sequence contained in 

linker DNA can vary from 10-80 bp.  This order of chromatin packaging is referred to as 

the 10 nm “beads on a string” and affords approximately 10-fold compaction of DNA 

(Felsenfeld and Groudine 2003).  Chromatin is further packaged into a 30 nm diameter 

fiber in a manner facilitated by H1 histones.  The mechanisms underlying additional 

wrapping of chromatin such that the genome fits into the nucleus remain unknown.  
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Figure 22 illustrates both the model of DNA wrapping around histone proteins, and a 

schema of chromatin packaging within the nucleus.  

 

Figure 2: Chromatin Structure. (A) Model of DNA wrapped 1.7 turns around a histone 
octamer, as inferred from x-ray diffraction. (B) Organization of DNA within 

chromatin structure. 

 

Epigenomic changes refer to either the addition of methyl groups to cytosine 

nucleotides, or covalent post-translational modifications to histone proteins.  Both 

changes are thought to alter the packaging of DNA into chromatin and impact gene 

expression and cellular phenotype.  

1.3. DNA cytosine methylation 
 Covalent modification by methylation of 5’ cytosine bases within a cytosine-

guanine (CpG) dinucleotide represents the most broadly studied epigenomic 

                                                        

2 Reprinted with permission from Macmillan Publishers Ltd: Nature Felsenfeld G, Groudine M. 2003. 
Controlling the double helix. Nature 421(6921): 448-453., copyright 2003 
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phenomenon.  It was proposed almost forty years ago that cytosine methylation could 

represent a mechanism for cellular memory (Holliday and Pugh 1975; Riggs 1975).  In 

addition to focused research on the mechanism of methylation as a source of cellular 

memory, a broad body of knowledge has been generated on a variety of topics including 

establishment and maintenance of methylation, variation in methylation across cell-

types, and the role of methylation in gene expression, development and disease.   

 Initial studies of mammalian somatic cell types suggested that on average 

approximately 70% of CpG dinucleotides are methylated, although this percentage 

varies considerably by tissue type (Ehrlich et al. 1982).  Recent high-throughput 

assessment of DNA methylation using MethylC-seq (see Appendix D) in IMR90 

fibroblasts confirmed this average number (Lister et al. 2009).  Cystosine methylation 

across the genome is almost exclusively at CpG dinucleotides, and the majority of these 

dinucleotides lie within regions of relatively low CpG density (Cedar and Bergman 

2009).  The exception to this finding are CpG islands, defined as at least 200 bp stretches 

of sequence enriched for CpG dinucleotides (Gardiner-Garden and Frommer 1987).  It is 

estimated that 40-60% of gene promoter regions contain a CpG island (Fatemi et al. 2005; 

Suzuki and Bird 2008).   The mechanism preventing methylation of CpG islands is 

currently unknown. 

 DNA methylation of CpG dinucleotides classically serves to repress gene 

expression.  Over thirty years ago, the compound 5-azacytidine was found to inhibit 

DNA methylation in vivo through incorporation into DNA and subsequent formation of 

adducts with DNA methyltransferases such that they are removed from circulation 

(Jones and Taylor 1980).  Studies done with this compound could restore expression of 

genes whose silencing was correlated with DNA methylation (Venolia et al. 1982).  At 

least two modes of methylation-induced gene repression have been proposed.  First, 
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while methyl groups do not interfere with Watson-Crick base pairing (Watson and Crick 

1953), the presence of the methyl group may interfere with template recognition by 

transcription factors that bind GC-rich sequences.  One well-studied example of this 

mechanism is the imprinted H19/Igf2 mouse locus, where the enhancer-blocking CTCF 

insulator binding site is methylated at the paternal locus and CTCF binding is abolished, 

thus allowing the downstream enhancer to promote Igf2 expression (Bell and Felsenfeld 

2000).  A family of proteins containing methyl-CpG binding domains (MBD) mediate the 

second mechanism of repression through the recruitment of other repressor complexes 

that remodel chromatin into a closed state (Bird and Wolffe 1999).  These mechanisms 

imply that enhancer elements should be relatively hypomethylated in order to permit 

transcription factor binding and activation of gene transcription.  Indeed, multiple 

studies have confirmed depleted DNA methylation at enhancers (Lister et al. 2009; 

Schmidl et al. 2009; Wiench et al. 2011). 

 The role of DNA methylation in the dysregulation of gene function and 

expression in cancer is complex.  Mutation is one of the hallmarks of cancer (Hanahan 

and Weinberg 2000), and methylated cytosines are especially prone to mutation.  In 

contrast to the spontaneous deamination of unmethylated cytosines to uracil, which is 

then repaired back to cytosine by uracil glycosylases (Lindahl 1974),  methylated 

cytosine deaminates into thymine, which is more difficult for the cellular machinery to 

correct.  This aberrant deamination repair process may be responsible for up to one-third 

of all point mutations (Cooper and Youssoufian 1988), and certainly contributes to the 

global depletion of CpG nucleotides in the human genome (Shen et al. 1994).  

Conversely, methylation may promote chromosomal stability and thus prevent the 

occurrence of cancer (Hanahan and Weinberg 2011), as evidenced by increased 

incidence of aneuploidy in both mice and humans possessing methyltransferase defects 
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(Ehrlich 2003; Gaudet et al. 2003).  Genome-wide profiles of CpG methylation revealed 

overall global hypomethylation in human cancers, accompanied by hypermethylation at 

certain loci such as CpG islands, indicating a redistribution of methylation across the 

genome (Jones and Baylin 2007).  Certain tumor suppressor genes have been identified 

as hypermethylated in cancer.  This epigenomic alteration could serve as a “second hit”, 

which combined with another genetic event such as germline loss or point mutation of 

one allele, would result in loss of function.  Intriguingly, recent studies have shown that 

the global hypomethylation observed in tumors is also associated with gene repression, 

and is further correlated with formation of repressive histone post-translational 

modifications (Hon et al. 2012).  Thus, the specific role of CpG methylation in the 

development and progression of cancer remains unclear, and will undoubtedly be 

studied further due to interest in DNA methylation as a therapeutic target in cancers. 

1.4. Histone post-translational modifications 
The histone proteins that compose nucleosomes are subject to an array of post-

translational modifications within both their globular and N-terminal domains.  To date, 

at least 12 types of modifications (or ‘marks’) have been identified that occur at 130 

unique amino acid positions on at least six different amino acids (Kouzarides 2007; Tan 

et al. 2011a).  The modifications are: methylation (me), acetylation (ac), propionylation, 

butyrylation, formylation, phosphorylation (ph), ubiquitylation, sumoylation, 

citrullination, proline isomerization, ADP ribosylation and crotonylation.  Dozens of 

enzymes that catalyze these modifications have been identified over the past decade; 

however, it is likely that the majority have yet to be catalogued (Bartke et al. 2010; Ram 

et al. 2011).  

Histone modifications have been proposed to function in at least two ways.  

First, they could alter the physical associations between histone proteins and DNA, or 
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between nucleosomes within higher-order structure.  Acetylation and phosphorylation 

are expected to function at least partially in this manner, as both acetyl and phosphate 

groups possess a significant negative charge that would repel negatively charged DNA, 

rendering the DNA more accessible for recognition by transcription factors.  Second, 

these modifications serve either as templates or repellants for chromatin regulator 

proteins possessing specific domains that recognize modified amino acids.  Examples of 

these domains include bromodomains that bind acetylation marks and PHD-domains 

for methylation (Wysocka et al. 2005; Wysocka et al. 2006).  Chromatin regulator binding 

seems to be affected by multiple residues in close proximity to each other (Couture et al. 

2006). 

The role of each modification at each residue in the regulation of gene 

transcription is incredibly complex.  Even simple classification of a histone mark as an 

activator or repressor of transcription can have confounding cases.  For example, 

acetylation is invariably associated with transcriptional activation (Kouzarides 2007); 

however, histone deacetylase proteins are both associated with and required for 

hormone-induced transcriptional activation in prostate cancer cells (Welsbie et al. 2009).   

Multiple efforts have focused on cataloguing dozens of histone modifications via 

high throughput ChIP assays in both primary and malignant cell types to identify 

combinatorial patterns that define gene regulatory elements.  Two groups led by Keji 

Zhao and Bing Ren carried out much this initial work.  In two reports, Zhao and 

colleagues mapped a total of 39 chromatin marks including histone methylations and 

acetylations as well as histone variants, Pol II and CTCF binding across the genome of 

CD4+ T cells (Barski et al. 2007; Wang et al. 2008).  These data were able to identify a 

pattern of 17 co-occuring marks that were enriched within at least 25% of promoters 

studied, and thus the authors were able to relate individual marks to transcriptional 
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function in one cell type.  Ren and colleagues discovered that promoter and enhancer 

elements could be distinguished by the mutually exclusive presence of mono-

methylation at the fourth lysine residue of the H3 histone (H3K4me1) at enhancers and 

tri-methylation of the same residue (H3K4me3) at promoters (Heintzman et al. 2007).  

This chromatin signature based on two marks was applied to a broader panel of cell 

lines and showed that a large proportion of enhancers are cell-type specific and correlate 

with cell-type specific expression, whereas promoter and insulator regions possess a 

largely invariant chromatin mark pattern (Heintzman et al. 2009).  It is important to note 

that the dichotomy of mono- and tri-methylation at promoters and enhancers is not as 

clear in other published studies (Barski et al. 2007), but utilizing those marks in 

combination with others such as acetylation or methylation at H3K27 improves 

enhancer prediction in other cell types (Rada-Iglesias et al. 2011).  Building on these 

reports, Bernstein and colleagues generated genome-wide profiles of 11 histone marks 

from 9 cell lines to train a computational model to predict multiple classes of regulatory 

elements (Ernst et al. 2011).  This approach was able link candidate enhancers to target 

genes and identify regulatory transcription factors that could be utilizing these 

enhancers.  Using predicted relationships between enhancers and target genes, the 

authors proposed new candidate target genes that could provide clues into the 

functional consequence of disease variants.  Overall, these studies illustrate that histone 

modification information provides a powerful tool for regulatory element annotation 

and may provide insight into human disease. 

Deregulation of histone marks and their catalytic enzymes is present in human 

cancers.  A decrease in five chromatin marks (H3K9ac, H3K18ac, H4K12ac, H3K4me2 

and H4R2me2) as detected by immunohistochemistry was found to correlate with 

poorer prognosis after surgical therapy for prostate cancer (Seligson et al. 2005).    The 
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overall levels of these marks and others has been evaluated as a prognostic variable in 

various cancers, with the same mark indicative of poor prognosis in some cancers but 

better prognosis in others (Fullgrabe et al. 2011).  Another instructive example is that of 

EZH2 methyltransferase induced trimethylation at H3K27, which is linked to repressive 

chromatin domains that negatively regulate gene transcription (Francis et al. 2004).  

EZH2 is frequently over-expressed in advanced prostate tumors, causing repression of a 

set of genes, which promotes tumor invasiveness and poor outcomes (Varambally et al. 

2002; Yu et al. 2007).  Higher levels of H3K27me3 by immunohistochemistry also 

positively correlate with poor prognosis in esophageal tumors, but negatively correlate 

with outcome in breast, ovarian and pancreatic tumors (Wei et al. 2008; Tzao et al. 2009).  

Furthermore, no correlation between EZH2 expression and H3K27me3 was observed in 

breast, ovarian and pancreatic tumors.  One possible explanation for this mechanistic 

disconnect is a dysregulation of H3K27me3 demethylases that can remove methyl from 

these residues (Xiang et al. 2007; van Haaften et al. 2009).  These mixed findings together 

highlight the tissue-specific function of histone modifications and the importance of the 

equilibrium between enzymes that place modifications and those that remove them.   

1.5. Chromatin accessibility 
Disruptions to the histone-DNA structure are hypersensitive to cleavage by the 

DNaseI enzyme.  This phenomenon was first noted at the 5’ end of the hsp70 Drosophila 

gene (Wu 1980) and is classically explained by nucleosome depletion due to trans-factor 

binding (Elgin 1988; Gross and Garrard 1988), although alternative mechanisms such as 

DNA bending with transcription factor binding have been proposed 

(Stamatoyannopoulos et al. 1995).  Coupling DNaseI hypersensitivity (DHS) analysis 

with high throughput technologies such as microarrays (DNase-chip) or sequencing 

(DNase-seq, see Appendix D) has offered genome-wide views of chromatin accessibility 
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(Crawford et al. 2006; Boyle et al. 2008a).  These studies revealed that that peaks in 

DNase-seq signal, or DHS sites, are correlated with all types of cis-regulatory elements 

as well as histone marks of active transcription (Heintzman et al. 2007; Boyle et al. 2008a; 

Cockerill 2011; Shu et al. 2011).  Localized depletion of DNase-seq signal (DNaseI 

footprints) within DHS sites can be identified, which correspond to protection of DNA 

from DNaseI cleavage by transcription factor binding (Hesselberth et al. 2009; Boyle et 

al. 2011; Pique-Regi et al. 2011).  Thus, a single DNase-seq experiment can identify 

genome-wide regulatory elements and predict occupancy within these elements with 

single base resolution by the entire field of transcription factors. 

FAIRE (see Apendix C) is an alternative technique for the identification of 

nucleosome-depleted cis-regulatory elements across the human genome (Giresi et al. 

2007).  A recent report integrated genome-wide maps of FAIRE (by FAIRE-seq) and DHS 

regions (by DNase-seq) in seven cell lines to examine the characteristics of accessible 

chromatin (Song et al. 2011).  The union set of these regions identified both ubiquitous 

regions of open chromatin, corresponding to promoters and insulator elements bound 

by CTCF, and cell-type specific regions that are distal to promoters.  These distal 

elements are enriched for both cell-type specific transcription factor motifs and gene 

transcription, suggesting they are enhancers or repressors serving to dictate cell-type 

specific gene expression.   

The question of whether accessible chromatin or trans-factor binding comes first 

is one of the main research objectives of this dissertation.  Certain proteins, termed 

pioneer factors, are able to bind inaccessible chromatin and facilitate subsequent 

transcription factor binding (Zaret and Carroll 2011).  Alternatively, binding of certain 

factors such as the glucocorticoid receptor is almost exclusively limited to regions of 

chromatin that are already accessible prior to receptor localization to the nucleus (John 
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et al. 2011).  Thus, the answer to this question is likely cell-type and factor specific.  What 

is clear, however, is that together DNase-seq and FAIRE-seq signal strikingly parallel the 

aggregate of ChIP-seq signal from 42 factors whose binding profiles are publicly 

available through the ENCODE consortium (Figure 3)3.  A caveat for this association is 

that the factor binding profiles in Figure 3 were specifically chosen due to their 

widespread role in transcriptional regulation.  Regardless, these data set comparisons 

confirms that the landscape of open chromatin as identified by DNase- and FAIRE-seq 

identifies cis-regulatory elements that bind both ubiquitous and cell-type specific 

transcription factors.   

 

Figure 3: K562 DNase-seq and FAIRE-seq data compared to the aggregate of 
ChIP-seq data from 42 transcription factors available through the ENCODE 

consortium at two genomic intervals.  Of note, the interval in the bottom figure 
illustrates the locus control region for globin genes, including HBE1. 

 
                                                        

3 Figure provided courtesy of Greg Crawford, adapted from Thurman et al., submitted 2012 
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1.6. Crosstalk between determinants of gene expression 
The crosstalk between histone modifications, DNA methylation and transcription 

factor binding, whereby each either influence and/or establish another determinant, is 

widespread across all tissue types.  The proximity of histone N-terminal residues to each 

other within nucleosomes and the abundance of modifications on them facilitate histone 

mark crosstalk in several ways (Kouzarides 2007).  First, since a residue may be the 

substrate for multiple modifications by multiple enzymes, pre-existing modifications can 

antagonize the placement of new ones.  Second, modification of a residue can disrupt 

protein recognition of adjacent histone amino acids.  An example of this is 

phosphorylation of H3S10, which inhibits binding of the heterochromatin protein HP1 

to neighboring methylated H3K9 residues (Fischle et al. 2005).  A third mechanism of 

crosstalk occurs when a modification inhibits or promotes placement of another histone 

modifications at a non-adjacent residue.  H3S10ph provides an example of this 

mechanism as well, as it causes acetylation of H4K16, subsequently promoting 

transcriptional elongation(Zippo et al. 2009).  The lysine demethylase LSD1 provides 

another example of this third mechanism.  This protein typically removes methyl groups 

from H3K4 residues.  However, for androgen receptor-mediated activation, the kinase 

PKCβ1 is co-recruited to enhancers where it phoshorylates H3T6 to alter LSD1 function 

such that it reverses the repressive H3K9 methylation mark (Metzger et al. 2010). 

Several reports reveal the cell-type specific nature of epigenomic and 

transcription factor crosstalk.  In human and mouse embryonic stem cells (ESC), 

transcription factor binding results in DNA losing CpG methylation, as evidenced by 

FOXD3 binding the Alb1 enhancer in human ESCs (Xu et al. 2009) and CTCF binding 

genome-wide in mouse ESCs (Stadler et al. 2011).  The pioneer factor FOXA1 provides 

an example of cell-type specific and temporally different interactions with epigenomic 



 

19 

5

5 

modifications.  In differentiated prostate cancer cells, the pioneering function of FOXA1 

to recruit the androgen receptor to its enhancers is dependent on pre-existing H3K4me2 

marks (Lupien et al. 2008).  These enhancers most likely contain relatively unmethylated 

DNA (Kim et al. 2011).  However, in a model of neural differentiation, FOXA1 binds 

both methylated and unmethylated DNA to induce demethylation of CpG dinucleotides 

and dimethylation of H3K4 residues (Serandour et al. 2011).   

Of special relevance to this dissertation is the recent publication by Wiench and 

colleagues (Wiench et al. 2011), which examined glucocorticoid receptor (GR) binding, 

chromatin accessibility as measured by DNase-seq, and DNA methylation.  As 

previously mentioned, the GR primarily binds promoter distal elements that are 

accessible prior to receptor activation, although a small subset of these binding sites 

becomes newly accessible after activation.  Pre-accessible GR binding sites examined in 

this study were enriched for unmethylated CpG dinucleotides.  The recent observation 

that DNA methyltransferases preferentially target nucleosomal DNA (Chodavarapu et 

al. 2010) could explain why these nucleosome-depleted DHS sites are unmethylated.  

Regions that became newly accessible with GR activation were found to undergo DNA 

demethylation, which is necessary for GR binding.  Interestingly, genetic knockdown of 

the maintenance DNA methyltransferase was sufficient to increase chromatin 

accessibility at several loci, but not to an extent that facilitated GR binding.  This report 

therefore validated previous findings that transcription factor binding is associated with 

hypomethylated DNA and functionally linked DNA methylation to chromatin 

accessibility.   

1.7. 3-dimensional chromatin architecture 
The compaction of chromatin in order to fit into the nucleus creates an additional 

layer of genome function regulation: 3-dimensional spatial organization.  Decades of 



 

20 

5

5 

analysis utilizing light microscopy and fluorescence in situ hybridization has revealed 

several basic principles.  First, visualization of transcription start sites using bromo-UTP 

incorporation found that transcription occurs at thousands of distinct sites, which 

became termed “transcription factories” (Cook 1999).  This concept of transcription 

factories makes intuitive sense when conceptualized as an efficient mechanism to utilize 

available transcriptional machinery proteins in the nucleus.  Second, interphase 

chromosomes occupy distinct neighborhoods within the nucleus, with minimal 

intermingling (Pombo and Branco 2007).  Third, gene localization towards the periphery 

of the nucleus is associated with transcriptional silencing; one example is the IgH locus, 

which is silent and peripherally located in B-cell progenitor nuclei, but moves towards 

the nuclear interior upon differentiation into B-cell lymphoblasts (Kosak et al. 2002).  

Fourth, the nucleus contains self-organized substructures such as nucleoli, which 

localize specific functions such as ribosomal RNA transcription (Bulger and Groudine 

2011).   

The development of chromosomal conformation capture (3C) and its high-

throughput variants (see Appendix D), initially mentioned above, has accelerated the 

understanding of nuclear architecture in the past decade.  A prominent example is the 

chromatin interaction analysis by paired-end tag sequencing (ChIA-PET) assay, which in 

a manner befitting its commercial namesake has sprouted plush resources of 

information about transcription factor-bound chromatin interaction loops in three 

landmark papers.  The first paper examined the interactome of the estrogen receptor 

(ER) in breast cancer cells and found genome-wide evidence of ER-bound enhancers 

physically interacting with estrogen-induced genes (Fullwood et al. 2009).  The second 

paper mapping the interactions of CTCF in pluripotent cells revealed loops that 

classified into five distinct chromatin domains based on histone modification profiles: (1) 
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active regions of the genome with enhancer, promoters and transcribed genes, (2) 

repressive domains, (3) hubs of enhancers and promoters that regulate transcription of 

genes just adjacent to and outside chromatin loops, (4) boundary loops that are marked 

by active histone marks on one side and repressive marks on the other, and (5) domains 

with no specific pattern of chromatin marks (Handoko et al. 2011).  The third and most 

recent paper used ChIA-PET to characterize Pol II interactions across several cell lines 

(Li et al. 2012).  This report validated the existence of so-called transcription factories, 

and intriguingly showed that Pol II-bound DNA sequences could function as enhancers 

in reporter assays.  Together, these studies and others have begun to elucidate the 

higher-order structure of the genome within the nucleus and identify the principles of 3-

dimensional chromatin organization that govern gene expression. 

1.8. Research Description 
 The intent of this chapter was to broadly review the complexity of genomic and 

epigenomic regulation of gene expression and cellular phenotype.  The processes 

underlying this regulation will undoubtedly be an ongoing intense area of research.  In 

this dissertation, I attempt to shed light on three specific cancer epigenomic issues.  The 

first two issues pertain to the epigenomic interactions dependent on AR activation in 

prostate cancer, one of the most commonly diagnosed cancers in men.  Chapter 2 

presents an integrated analysis of chromatin accessibility, AR binding and AR-mediated 

transcription to elucidate the interplay between the chromatin template and AR 

function.  In chapter 3, the methods used in chapter 2 were applied to explore how the 

nuclear receptor REV-ERBα may modify AR function through an impact on epigenomic 

structure.  One of the intriguing results presented in these chapters is that CTCF could 

also impact AR-induced chromatin remodeling, although functional assessment of CTCF 

represents a significant technical challenge.  Chapter 4 presents early results from the 
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stable knockdown of CTCF in MCF-7 breast cancer cells as an example of how a similar 

analysis would be conducted in the context of AR activation.  Together, the data 

presented herein integrate chromatin-based data to further the functional understanding 

of three key trans-acting proteins in cancer models.  
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2. Exploring the role of chromatin accessibility in 
Androgen Receptor (AR) binding and transcriptional 
specificity 

2.1. Introduction 

2.1.1. The androgen receptor is a master regulator of prostate cancer 

The androgen receptor (AR), a member of the nuclear receptor superfamily, is a 

master regulator of prostate cancer.  The protein structurally described as consisting of 

three major domains: (1) the N-terminal domain containing the major transactivation 

domain (AF-1), (2) the centrally located DNA-binding domain, and (3) the C-terminal 

domain containing the ligand binding domain and a second transactivation domain (AF-

2) (Roy et al. 2001).  Upon association with a ligand, the receptor undergoes 

conformational changes that allow shedding of its cytoplasmic chaperone proteins, 

rapid homodimerization and import into the nucleus.  In the nucleus, the ligand-bound 

AR dimer associates with co-activator molecules and binds DNA, allowing for 

subsequent expression of target genes.  The AR and its androgen ligands are required 

for the development and function of the normal prostate (Heinlein and Chang 2004).  

Prostate cancer (PC) is the most common non-cutaneous neoplasm affecting 

males in the United States (Jemal et al. 2009).  Seminal work by Huggins and Hodges 

almost seventy years ago (reprinted in (Huggins and Hodges 1972)) first demonstrated 

the dependence of PC upon androgen.  Their paper reported notable clinical and 

radiologic regression of advanced PC in response to bilateral orchiectomy, which 

reduced androgen levels.  Due to this dependence, primary therapy for non-localized 

and recurrent PC is aimed at chemically abrogating AR signaling either by reducing the 

amount of androgen ligand available to activate AR signaling, or directly antagonizing 

the AR.  These strategies inhibit disease progression for a variable period of time, but 
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progression inevitably occurs, often through continued AR-mediated signaling.  Indeed, 

several lines of evidence suggest that both localized and castration-resistant prostate 

cancer (CRPC) – which is generally defined as disease that has progressed despite 

standard androgen deprivation therapies (Scher et al. 2008) - are critically dependent on 

continued AR activity.  AR-targeted therapy in PC can result in clonal selection for 

cancer cells with an amplified or mutated AR (Visakorpi et al. 1995; Taplin et al. 1999), 

and persistent AR expression and signaling is implicated in the progression to 

castration-resistant PC (Chen et al. 2004; Tomlins et al. 2007; Wang et al. 2009).  Several 

mechanisms contribute to continued AR signaling in advanced disease, including de 

novo synthesis of androgen (Stanbrough et al. 2006), copy number gain (Taylor et al. 

2010), point mutations (Veldscholte et al. 1990; Taplin et al. 1995; Taylor et al. 2010), 

alterations to the dynamic balance of co-activators and co-repressors through a variety 

of mechanisms (Glass and Rosenfeld 2000; Gregory et al. 2001; Taylor et al. 2010; He et 

al. 2012), and crosstalk with various kinase signaling pathways (Craft et al. 1999; Gioeli 

et al. 2002).  As a result, there is great enthusiasm over the recent development of novel 

and more effective therapies that target AR activity in CRPC such as abiraterone acetate 

and MDV3100.   

The AR is not a classic oncogene; its activation in prostate epithelial cells is not 

sufficient for cellular transformation.  Indeed, AR activity can be associated with either 

promotion or inhibition of prostate epithelial cell proliferation depending on the cellular 

context.  AR-expressing, genetically engineered prostate cell lines differentiate in 

response to androgens and decrease their proliferation (Berger et al. 2004), whereas AR-

expressing PC cell lines derived from patients increase their rate of proliferation in 

response to androgen induction (Febbo et al. 2005).  Transgenic mice with increased 

prostate-specific expression of the AR develop prostatic intraepithelial neoplasia, but not 
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invasive cancer (Stanbrough et al. 2001).  More recent mouse studies of prostate cancer 

initiation utilizing expression of the AR combined with another genetic event such as 

hyperactivation of either the phosphoinositide 3-kinase (PI3K) or myc pathways 

resulted in tumor formation, highlighting the context-specific ability of AR to transform 

prostate epithelial cells (Stanbrough et al. 2001; Berger et al. 2004; Carver et al. 2009; 

Zong et al. 2009; Goldstein et al. 2010).  As the AR acts primarily through transcriptional 

regulation of target genes, it is critical to understand the determinants of the AR-

mediated transcriptional program.    

2.1.2. Determinants of Androgen Receptor function 

AR-mediated transcriptional specificity is highly regulated.  The AR associates 

with proteins that both influence its recruitment to DNA in a direct or indirect manner 

and also possess co-activator or co-repressor function (Heemers and Tindall 2007).  

Several identified AR co-factors possess the capability either for intrinsic chromatin 

remodeling or for binding and recruitment of other chromatin modifying enzymes to 

facilitate AR binding.  Overall, the AR-DNA interaction across the genome (the AR 

"cistrome") is modulated by primary DNA sequence, existence of specific regulatory 

proteins, as well as epigenomic factors.   

2.1.2.1 Genomic sequence influences AR binding 

The AR classically binds a 15 bp consensus DNA motif (called AR-response 

element or ARE), consisting of two inverted repeat hexamers separated by 3 degenerate 

bases (AGAACAnnnTGTTCT).  Motif analysis of genome-wide AR binding sites by 

ChIP-chip and ChIP-seq identify both this canonical ARE as well as several non-typical 

AREs that have varying distances between hexamers, different orientations of the 

hexamers, or only contain half of the 15 bp motif (half-site motif) (Wang et al. 2007; Yu et 

al. 2010).  A recent analysis of AR binding events associated with a 72-gene AR signature 
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uncovered additional complexity in the AR-DNA interaction by showing that the 

homeodomain protein HOXB13 can indirectly tether the AR to the genome (Norris et al. 

2009).  Thus, it is not surprising that DNA sequence alone is a poor predictor of AR 

binding to the genome (He et al. 2012). 

2.1.2.2. Epigenomic modifiers of AR function  

Increased CpG island methylation and associated gene repression represent one 

of the earliest changes observed in prostate cancer versus normal tissue.  The most 

consistent example is methylation of GSTP1 (whose protein detoxifies oxidants and 

electrophiles) observed in 90% of prostate cancers (Bastian et al. 2004).  This epigenomic 

event is thought to explain the relationship between certain diets and prostate cancer 

initiation.  In the TRAMP (transgenic adenocarcinoma of the mouse prostate) model of 

prostate cancer initiation, in which a rat probasin promoter forces expression of the SV40 

T antigen, tumorigenesis is associated with hypermethylation of certain genes 

(Camoriano et al. 2008; Morey Kinney et al. 2008), although it is unclear whether these 

are alterations promoting cancer initiation or simply passive events.  Several studies 

have interrogated DNA methylation status at specific genes as well as genome-wide in 

prostate cancer cell lines and tissues.  Overall, these studies note increases in overall 

promoter methylation at specific genes across disease progression, with no clearly 

identified global patterns of hyper- or hypo-methylation (Yegnasubramanian et al. 2004; 

Yegnasubramanian et al. 2008; Kim et al. 2011).  Significantly, repression of the AR or 

genes it regulates via DNA methylation is rarely reported with prostate cancer 

progression (Kinoshita et al. 2000), and the interplay between DNA methylation and AR 

function remains poorly characterized. 

 In contrast with DNA methylation, histone post-translational modifications and 

chromatin remodeling complexes have been more extensively researched with regards 
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to AR function.  Several classes of chromatin remodeling complexes, which are groups 

of proteins that utilize the hydrolysis of ATP to disrupt histone-DNA interactions, have 

been described in the literature.  Perhaps the best studied of these in prostate cancer are 

the human SWI/SNF-like (hSWI/SNF) complexes, which contain a core ATPase unit, 

either the BRG1 or BRM protein, and several BAF (BRG1 Associated Factor) proteins 

such as BAF57, BAF155, BAF170 and BAF180 (Xue et al. 2000; Wang 2003; Mohrmann 

and Verrijzer 2005; Yan et al. 2005).  hSWI/SNF complexes are recruited by the ligand-

bound AR to AREs.  While no direct interaction between BRG1 or BRM and the AR can 

be detected at reporter AREs in cell culture assays, BAF57 directly binds the DNA 

binding domain of the AR (Link et al. 2005).  BAF57 associates with the enhancer and 

promoter regions of multiple AR-regulated genes, suggesting that chromatin 

remodeling is occurring with AR recruitment to DNA.   

 As initially alluded to in Chapter 1.6, several reports have examined histone 

lysine methylation in the context of AR function.  Two high-throughput analyses of AR 

binding in different cellular contexts have identified the activating H3K4me2 mark as 

required for binding of the AR and its cofactor FoxA1 (Lupien et al. 2008; Wang et al. 

2009).  Induced loss of this histone mark abolishes AR and FoxA1 binding, whereas 

depletion of the AR and FoxA1 does not result in loss of the histone mark, suggesting 

that H3K4me2 is a key component of the epigenetic code modulating AR-DNA binding.  

Indeed, methylation at H3K4 also marks an enhancer within the AR gene itself that 

increases AR expression under conditions of androgen deprivation.  H3K4 methylation 

at this cis-element is abolished with androgen treatment via co-recruitment of the AR 

and the lysine demethylase LSD1 (Cai et al. 2011).  However, lysine methylation is not 

the only mark associated with AR binding: EZH2-mediated methylation at H3K27 
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residues is required for AR-mediated gene repression in several prostate cancer cell line 

models (Chng et al. 2012; Zhao et al. 2012). 

 Histone acetylation, maintained in a dynamic equilibrium by histone 

acetyltransferases (HATs) and histone deacetylases (HDACs), is another well-

characterized mark of cis-regulatory elements that bind the AR.  Several HATs have 

been shown to interact with the AR and modulate its transactivation.  For example, SRC-

1 and SRC-3, members of the p160 SRC gene family, interact directly with the N-

terminus of the AR in a ligand-dependent manner to enhance AR-mediated 

transcription (Alen et al. 1999; Ma et al. 1999; Wang et al. 2005).  Notably, expression of 

SRC-1 increases with PC progression (Gregory et al. 2001).  Furthermore, SRC family 

members serve as scaffolding proteins to attract other co-activators with HAT activity, 

including p300, CBP and PCAF (p300/CBP associated factor) (Xu and Li 2003).  p300 

and CBP acetylation further recruits other chromatin-modifying complexes such as 

hSWI/SNF and Mediator (Huang et al. 2003).  Several subunits of the Mediator complex 

are implicated in AR function and prostate cancer.  Both Med1 and Med12 have been 

shown to facilitate enhancer-promoter looping through binding enhancer elements 

(Kagey et al. 2010; Wang et al. 2011; Zhang et al. 2011a; Zhao et al. 2012), and point 

mutations of Med12 were recently identified in approximately 5% of CRPCs (Barbieri et 

al. 2012) .  Another AR co-regulator with HAT activity is Tip60, which directly interacts 

with the AR and localizes to the PSA gene promoter region with the AR in both an 

androgen dependent and independent manner (Brady et al. 1999; Halkidou et al. 2003).  

Of note, several of these proteins directly acetylate the AR as well, increasing its 

transactivation.  Analysis of the PSA regulatory region as well as the promoter of two 

other AR-regulated genes found that increased acetylation at lysines 9 and 14 of H3 
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correlated with ligand-induced transcription (Jia et al. 2006).  Thus, HATs modulate AR 

activity through both histone acetylation and direct acetylation of the AR. 

In contrast to HATs, HDACs are often recruited to the AR transcriptional 

complex in a repressive context.  AR binding to antagonist ligands recruits co-repressor 

complexes such as NCoR that complex with HDACs to reduce gene expression through 

a process that involves deacetylation of H3 (Rosenfeld et al. 2006).  Induced depletion of 

HDACs increases AR-mediated transcription and enhances proliferation of prostate 

cancer cell lines in response to ligand (Dai et al. 2007).  HDAC1 has been shown to 

reverse Tip60 acetylation of the AR, thus decreasing its transactivation (Gaughan et al. 

2002).  Together, these lines of evidence suggest that HDAC expression serves to disrupt 

the AR-mediated transcriptional program and that HDAC inhibition should promote 

AR-mediated transcription and cell survival.   

Unexpectedly, class I HDACs are found to be overexpressed in prostate cancers, 

and the expression levels of HDAC2 correlate with risk of recurrence after surgical 

therapy (Weichert et al. 2008).  Interestingly, HDACi treatment decreases proliferation in 

AR positive prostate cancer cells (Butler et al. 2000; Rokhlin et al. 2006).  As previously 

mentioned, in low-grade localized tumors, acetylation of H3K9 is associated with a 

lower risk of disease recurrence (Seligson et al. 2005).  Expression profiling of prostate 

cancer cells treated with several HDAC inhibitors revealed that these agents not only 

reduced transcription of the AR, but also repressed the transcription of several AR target 

genes.  This study also showed that HDAC inhibition inhibited recruitment of Pol II and 

several co-activators that possess HAT activity, including p300, to the KLK3 upstream 

cis-regulatory region (Welsbie et al. 2009).  Together, these studies suggest that HDAC 

inhibition may be an appropriate treatment for AR-dependent prostate tumors.  

However, broad HDAC inhibitors that non-specifically inhibit multiple classes of 
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HDACs may not be appropriate therapy as they may cause neuroendocrine 

transdifferentiation of tumor cells (Frigo and McDonnell 2008).  This transdifferentiation 

is characterized by increased expression of general neuroendocrine genes such as CgA 

(chromogranin A) and synaptophysin, and is associated with poor outcomes in patients 

(Taplin et al. 2005).  The clinical implications of HDAC inhibition and its relationship 

with neuroendocrine transdifferentiation remain unclear (Sidana et al. 2011); however, 

data that will be discussed in chapter 3 suggests that specific inhibition of single HDACs 

could be a viable therapeutic strategy.  Overall, these conflicting findings regarding the 

relationship between HATs, HDACs, the AR and cell growth are likely due to an 

intricate and dynamic crosstalk in prostate cancer cells that requires additional careful 

study. 

2.1.3. Nuclear receptors and chromatin accessibility 

DNaseI hypersensitivity analysis, which is specific for nucleosome-depleted and 

accessible chromatin, has been used to analyze chromatin structure around the TSSs of 

various genes whose expression is impacted by ligand-activation of nuclear receptors.  

For example, retinoic acid was found to render chromatin more available for DNase I 

cleavage specifically at the retinoic acid-responsive gene RARβ2.  Interestingly, this 

study found constitutive DHS sites around the promoter in addition to the sites induced 

by retinoic acid (Bhattacharyya et al. 1997).  More relevant to this dissertation is the 

recent report examining changes in chromatin accessibility with activation of another 

member of the nuclear receptor superfamily, the glucocorticoid receptor (GR).  This 

report observed that the GR preferentially bound DHS sites that existed prior to GR 

ligand hormone treatment, although chromatin accessibility was also often increased 

with binding (John et al. 2011).  
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Recent reports examining nucleosome positioning in relation to AR binding have 

found that local nucleosome depletion and increased chromatin accessibility accompany 

AR binding to DNA (He et al. 2010; Andreu-Vieyra et al. 2011). However, while one 

study observed a clear shift in H3K4me2-marked nucleosomes away from the center of 

an AR binding site (He et al. 2010), another found that the nucleosome depletion size 

was not increased by AR occupancy but rather that nucleosome dynamics were affected 

by the receptor binding (Andreu-Vieyra et al. 2011). Interestingly, nucleosome depletion 

at the three enhancers studied was evident both before and after hormone treatment. 

Thus, chromatin structure is likely to impact the interaction between AR and DNA, and 

ligand activation of AR may result in altered chromatin structure, but our complete 

understanding of this process remains quite limited. Consequently a comprehensive 

genome-wide analysis of AR function and chromatin accessibility is needed. 

2.1.4. Research description 

To determine the relationship between AR-dependent chromatin accessibility 

changes and AR-mediated transcription, we performed DNase-seq and mRNA-seq on 

the well-established androgen-sensitive PC cell line LNCaP before and after hormone 

induction.  AR binding sites were obtained from three published studies describing AR 

ChIP-seq experiments on LNCaP cell lines.  In agreement with a very recently published 

study (He et al. 2012), we find that approximately 50% of AR binding occurs in 

accessible chromatin after hormone induction.  In contrast to GR, only half of these AR 

sites bind in DHS sites that are accessible prior to AR activation, while the remaining 

become accessible during AR activation.  AR binding also significantly increases 

chromatin accessibility.  Quantitative changes in chromatin structure correlate with AR-

dependent differential gene expression and are enriched for transcription factor DNA 

binding motifs that identify putative factors mediating AR-induced chromatin 
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remodeling.  Intriguingly, fine resolution DNase-seq profiles surrounding AR DNA 

binding motifs provide in vivo evidence of AR binding to both half and full AR DNA 

recognition motifs.  Together, our work reveals that active chromatin remodeling occurs 

during androgen nuclear receptor activation. 

2.2. DNase-seq identifies changes in chromatin accessibility 
with Androgen Receptor activation 

To assess the relationship between accessible chromatin and androgen receptor 

(AR) activation, we performed DNase-seq on independent growths of LNCaP cells that 

were cultured with (LNCaP-induced) or without (LNCaP) the synthetic androgen R1881 

(1 nM final concentration for 12 hours).  Using previously published methodologies and 

a standard analysis pipeline (Boyle et al. 2008b), we identified the full spectrum of 

DNase-seq signal across the genome (Figure 4).   

 

Figure 4: Identification of DNaseI hypersensitive sites before (blue) and after (red) 
R1881 stimulation.  DNase-seq signal is a continuous signal across the genome.  

Illustrated here is the chromatin accessibility around the KLK locus, which contains 
the canonical AR target gene KLK3.  The y-axis is fixed at a DNase-seq score of 0.7. 

DNase-seq signal at any base pair in the genome is represented in two ways.  The 

first is by the number of DNaseI-cleaved sequences (or tags) whose 5’ end maps to that 

base pair.  The second is termed “DNase-seq score”, which is a unitless measurement 

that essentially reflects both the number of sequences mapped at a base pair as well as to 

the surrounding base pairs.  We approached interpretation of DNase-seq data in two 

ways: (1) calling discrete peaks, referred to as DNaseI hypersensitive (DHS) sites, and 

comparing regions qualitatively as binary conditions (DHS site or not), and (2) 
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identifying regions of statistically different DNase-seq signal before and after hormone 

treatment, referred to as ΔDNase regions.  By identifying these ΔDNase regions, we 

avoid threshold false positives where a region just over or under the significance level 

for being called a DHS site is qualitatively identified as changed with hormone despite 

minimal alterations in chromatin accessibility. 

From approximately 130 million post-filter sequence reads per growth condition, 

we identified 144,070 DHS sites in LNCaP and 140,966 DHS in LNCaP-induced cells 

using a p-value cutoff of 0.05.  The DHS sites in each cell condition covers ~3% of the 

human genome (Table 1).  A comparison of the DHS sites identified in LNCaP-induced  

Table 1: Description of AR DNase-seq data 

 LNCaP LNCaP-Induced 

Total DNase-seq Reads 129,131,592 138,464,636 

Number of DHS sites 144,070 140,966 

Bases within DHS sites 86,989,168 82,887,882 

Percentage of genome 3.01 2.87 

 

and LNCaP reveals that 102,173 (72.5%) overlap.  To put the degree of overlap in 

context, we used the same criteria to identify DHS sites in 7 unrelated cell lines for 

which high quality DNase-seq data is available (NHEK, GM12878, HelaS3, HepG2, 

HUVEC, K562, and H1-ES) (Song et al. 2011).  The average overlap between distinct cell 

lines is 50.4% +/- 7.04%, which is substantially less than the overlap between LNCaP 

and LNCaP-induced (Figures 5A and 5B).  We also investigated the overall distribution 

of DHS sites relative to promoters, intronic, or intergenic regions and found that the 

location of all DHS sites prior to and following AR activation does not shift this 

distribution (Figure 6).  These data suggest that while AR activation induces chromatin 
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changes, the degree of these changes are substantially less than those detected between 

cell lines from unrelated tissues. 

In order to quantitatively identify those loci with the most substantive increase 

or decrease in DNase-seq signal with AR activation, we used the edgeR statistical 

package (Robinson et al. 2010).  Increases represent regions that become more accessible 

after hormone treatment, and decreases become less accessible.  To capture a broad  

 

Figure 5: Changes in chromatin accessibility with AR-activation. (A) Overlap between 
DHS sites identified before (Vehicle) and after hormone (induced) as compared to the 

unrelated liver carcinoma cell line HepG2. (B) Spearman correlation heatmap of 
DNase-seq score in the union set of top 100,000 DHS peaks in each of the 9 cell lines 

illustrated. 

spectrum of significant changes in signal, we used two statistical thresholds ("strict" = a 

false discovery rate (FDR) threshold of 5%, and "loose" = unadjusted p-value threshold 

of 0.05) to identify the degree of accessibility changes, which we refer to as ΔDNase 

regions.  At the strict threshold, we identified 2,586 regions with strict ΔDNase increase 

following androgen induction and no regions of signal decrease.  The loose threshold 

identified 18,692 regions with loose ΔDNase increase and 1,467 regions with loose 

ΔDNase decrease.  These regions suggest that AR activation results primarily in regions  
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Figure 6: Distribution of all DHS sites relative to genic elements 

with increased rather than decreased chromatin accessibility (Figure 7).  The numbers of 

regions that undergo AR-induced changes in accessibility are summarized in Table 2.   

Table 2: Number of regions with differential DNase-seq signal upon AR activation 

Strict Threshold 
(FDR < 0.05) 

Number of regions 

Strict ΔDNase increase 2,586 

Strict ΔDNase decrease 0 

Loose Threshold  
(p < 0.05) 

 

Loose ΔDNase increase 18,692 

Loose ΔDNase decrease 1,467 

 

To ensure that the observed trend towards higher levels of open chromatin is not a bias 

related to the edgeR algorithm, we also calculated a normalized differential DNase-seq 

tag count for each region in the union set of LNCaP-induced and LNCaP DHS sites 

(Methods).  This differential count also indicated that more regions display an increased 

in DNase-seq signal with androgen treatment, supporting the edgeR results (Figures 7C 

and 7D).  
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Figure 7: Identification and confirmation of ΔDNase regions. (A) Total sequencing tag 
counts in windows possessing increased accessibility with androgen (right 2 

boxplots) as compared to tag counts in all DHS regions. (B) Confirmation of ΔDNase 
regions using maximum DNase-seq score (Mann-Whitney p-value LNCaP vs. LNCaP-
induced < 0.001). (C) Distribution of normalized differential tag count, an orthogonal 

measurement of AR-induced increases and decreases in DNase-seq signal.  The 
median differential score is greater than zero, and more regions have a positive score 

than negative, validating that AR-induction primarily increases chromatin 
accessibility. (D) Distribution of differential tag score from C for strict ΔDNase 

regions compared to all DHS regions. 
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Mapping all regions of significantly changed DNase-seq signal to genic elements 

showed that these regions were present less in promoter regions and more at inter- and 

intra-genic locations compared to all DHS sites (Figure 8A).  For example, approximately 

8% of loose ΔDNase increases map to promoters (defined as 2kb region upstream of the 

transcriptional start site), whereas close to 15% of all DHS sites fell within promoters.   

 

Figure 8: (A) Distribution of ΔDNase regions and union (LNCaP and LNCaP-induced) 
DHS sites relative to genic elements. (B) Replicates of DNase-seq data around KLK3 

and KLK2. Y-axis is fixed at 0.4 for all rows.  Highlighted regions marked by an 
asterisk represent examples of significant ΔDNase increases. 

The opposite trend was seen for sites that overlapped the 1st exon and/or intron and 

sites contained within intergenic regions.  Thus, our data show that AR activation 

primarily results in increased chromatin accessibility in distal regulatory elements that 

may be associated with enhancer rather than proximal promoter function, exemplified 
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by a well-characterized AR enhancer (Cleutjens et al. 1997) 4 kb upstream of the KLK3 

promoter (Figure 8B).   

We hypothesized that ΔDNase regions represented locations where AR 

activation altered transcription factor binding, and therefore analyzed these regions for 

enrichment of transcription factor DNA recognition motifs.  As expected, we found a 

strong AR motif match in regions of increased open chromatin (Methods).  In addition, 

several other significantly enriched motifs were detected in both ΔDNase increase and 

decrease regions (Figure 9, Table 6 in Appendix B) that correspond to transcription  

 

Figure 9: Motif analysis identifies putative transcription factors that control AR-
induced chromatin accessibility. (A) De novo motifs enriched in ΔDNase regions. (B) 
Self-organizing map analysis identifies three clusters of increased DNase-seq signal 
regions in LNCaP cell lines.  The overall DNase-seq signal within these regions for 

each cell line is represented in histogram format.  The x-axis label contains the names 
each of the 113 cell lines analyzed, and the y-axis represents the total DNase-seq 
signal within the cluster of regions for each cell line.  Asterisks mark LNCaP cell 
lines.  Also shown is the top motif and its best match for the regions identified in 

each SOM cluster. 

factors such as SP1.  We also detected enrichment of an SP1 DNA recognition motif 

within LNCaP-induced DHS sites using a self-organizing map (SOM) (Methods) that 

identifies highly specific LNCaP-only DHS regions that were not detected in 113 

additional cell lines (Figure 9B, top panel).  The SOM analysis also identified an enriched 
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motif corresponding to E2A/TCF3 as well as FOXA1 (Figure 9B, middle and bottom 

panels).  SP1 can bind directly with multiple known AR co-factors as well as the AR 

(Safe and Abdelrahim 2005).  TCF3 is involved in the Wnt/β-catenin signaling pathway, 

which cross talks with AR signaling in prostate cancer (Chesire and Isaacs 2002).  

ΔDNase increases were also enriched for a YY1 motif, which is a transcription factor 

with a known role in both AR-mediated transcription (Deng et al. 2009).  Decreased 

ΔDNase regions did not exhibit an enrichment of the AR motif, but were enriched for 

the AP-2 motif, which has been implicated in estrogen receptor binding and function 

(Tan et al. 2011b), and its DNA motif is found in the promoter regions of several AR-

regulated genes in PC (Eisermann et al. 2008).  Thus, AR activation changes chromatin 

accessibility in regions with AR and AR-cofactor binding motifs, likely due to changes in 

transcription factor loading at these genomic regions. 

2.3. The AR binds both poised and remodeled chromatin 
accessible to DNaseI cleavage 

Based on our motif analysis of ΔDNase regions and recent reports of AR binding 

to nucleosome depleted regions marked by acetylated H3 (Andreu-Vieyra et al. 2011) 

and H3K4me2 (He et al. 2010), we hypothesized that the AR binds primarily in DHS 

sites.  We therefore utilized three sets of AR ChIP-seq data from LNCaP cells (Table 3) 

that we refer to as "Yu" (Yu et al. 2010), "Massie" (Massie et al. 2011) and "Coetzee" 

(Berman et al. 2010; Andreu-Vieyra et al. 2011).  To minimize the impact of technical 

variation within each individual experiment, we created two high confidence sets of AR 

binding sites from these three sources: (i) an “R1881 intersect” set consisting of Yu and 

Massie peaks that overlap each other, as these experiments used the same AR hormone 

ligand as our DNase-seq experiments (R1881); and (ii) an “All AR intersect” data set 

containing the intersection of peaks from all three data sets including the Coetzee 
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experiment that used an alternative AR ligand, dihydrotestosterone (DHT).  Intersecting 

AR ChIP data sets did not change the distribution of identified binding sites relative to 

genic elements (Figure 10), despite substantially reducing the number of total AR 

binding regions by including only those common to two or more experiments (Table 3).  

Table 3: Characteristics of AR ChIP-seq data sets 

Data Set AR activation conditions No. of AR binding sites 

Massie  1 nM R1881 x 4 hrs 19,505 

Yu 10 nM R1881 x 16 hrs 37,676 

Coetzee 10 nM DHT x 4 hrs 12,929 

R1881 intersect (Massie/Yu ) R1881 13,258 

All AR Intersect R1881 and DHT 5,940 

 

 

Figure 10: Distribution of each AR ChIP-seq data set and the two combined data sets 
relative to genic elements. 
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Each of the three individual AR ChIP studies displayed consistent overlap 

patterns with DHS sites.  In each individual experiment approximately 20% of all AR 

binding sites occurred within DHS sites that are present both before and after hormone 

treatment (“poised and an additional 20-30% of AR binding sites overlapped DHS sites 

following androgen induction.  Thus, each data set suggests that slightly less than half of 

all AR binding sites in DHS regions are poised (Figures 11A, 11B) and the remainder 

change in response to androgen treatment.  The high confidence AR (R1881 intersect and 

All AR intersect) binding sites displayed a similar trend.  Of note, only 1-2% of AR 

binding sites map within a DHS site present in LNCaP, but not LNCaP-induced cells.   

 

Figure 11: Relationship between AR binding and DHS regions. (A) Overlap of each 
ChIP-seq data set with poised LNCaP DHS (regions that are DHS sites in both LNCaP 
and LNCaP-induced, shown in purple) and LNCaP-induced only DHS sites (shown in 
red).  Ar binding sites not overlapping a DHS site are represented in black.  Common 

Myc and CTCF binding sites are shown as controls.  (B) Overlap of ChIP-seq peaks 
shown at different thresholds of DNase-seq enrichment (“DHS sites” representing 

the regions of significant signal over background p<0.05, “Top 200k” representing the 
top 200,000 initial peaks showing enrichment over background, and “Top 400k” 

representing all regions showing DNase-seq enrichment over background). Columns 
in various shades of blue show overlap with LNCaP DHS at different thresholds, and 
columns in various shades of red show overlap with LNCaP-induced DHS at different 

thresholds. 
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The amount of AR binding to both poised and LNCaP-induced DHS sites  is in stark 

contrast to Myc and CTCF binding sites (Song et al. 2011) that almost exclusively bind 

within poised DHS sites (Figure 11A).  Thus, of the AR binding events occurring within 

a DHS site, less than half occurred in poised regions, with the majority binding to 

regions that displayed qualitative AR induced chromatin remodeling.   

 

Figure 12: Overlap of AR binding sites and ΔDNase regions. (A) Venn diagram shows 
overlap of DHS sites and the high confidence “All AR Intersect” data set.  Column 

plots below illustrate the overlap of each region of the Venn diagram (I – AR binding 
sites only in an uninduced LNCaP DHS site, II – AR binding sites that fall within 
both a LNCaP and LNCaP-induced DHS sites (poised), III – AR binding sites in 

LNCaP-induced only DHS sites) with ΔDNase regions. (B) The reverse comparison 
illustrating the overlap of ΔDNase regions with AR binding sites. 

Given the observation that a substantial number of AR binding sites occur within 

LNCaP-induced only DHS sites, we examined the association between AR binding 

events and quantitative chromatin remodeling.  To test this, we evaluated AR sites that 

overlapped regions with increased DNase-seq signal (strict and loose ΔDNase 

increases).  As expected, AR ChIP-seq peaks identified only within LNCaP-induced 

DHS sites (Circle III, Figure 12A) show significant overlap with ΔDNase increase 

regions. Interestingly, AR binding sites in peaks found in both LNCaP and LNCaP-
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induced cells (Circle II, Figure 12A) were also enriched for ΔDNase increases, although 

not to the same extent as those sites that mapped only within LNCaP-induced DHS.  The 

proportion of AR binding regions that mapped to poised, LNCaP-induced DHS sites 

only, and ΔDNase regions were consistent across each AR binding data set.  

Analogously, we found that 36.5% of strict ΔDNase increases and 16.7% of loose 

ΔDNase increases overlapped the high confidence AR binding set (“All AR intersect”) 

(Figure 12B).  These observations indicate that even if AR binding occurred within 

poised chromatin, these binding events were associated with a substantial increase in 

chromatin accessibility, highlighting the utility of identifying regions of ΔDNase signal.  

These findings support similar observations at three previously identified “poised” AR 

enhancers (Andreu-Vieyra et al. 2011) and suggest that AR binding more globally 

stabilizes nucleosome depletion, allowing for more DNaseI cleavage following hormone 

treatment. 

A large percentage of AR binding sites detected by each of the individual AR 

ChIP-seq datasets (~50%) did not overlap DHS sites.  To examine if this lack of overlap 

could be attributed to technical differences between experiments and analysis 

algorithms we decreased the stringency threshold for identifying DHS sites to either the 

top 200,000 or top 400,000 DNaseI sensitive regions.  Overlap with AR ChIP-seq 

indicates that the proportion of AR binding sites binding in a poised versus qualitatively 

remodeled region was consistent regardless of threshold, and that a small yet substantial 

proportion of AR binding sites bind non-DNaseI sensitive regions of the genome even 

after relaxing the DHS peak thresholds (Figure 11B, black regions).  In addition, AR 

binding signal was stronger in regions overlapping DHS sites than non-DHS regions 

(Figure 13), and was the strongest for AR sites common to two or three experiments.   
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Thus, it appears that AR binding occurs at sites with a range of nucleosome depletion 

and nucleosome depletion correlates with AR binding strength.  

 

Figure 13: AR ChIP-seq binding scores for peaks overlapping and not overlapping 
DHS sites.  Asterisks denote significant differences in AR peak score (Mann-Whitney 

p-value < 0.001) 

Finally, we examined several different combinations of regions for evidence of 

differential co-factor requirements using de novo motif analysis.  First, we searched for 

motifs enriched in AR binding sites defined by ChIP-seq peaks that did not map within 

DHS sites.  The highest scoring motif matched the canonical AR motif, but displayed an 

increased invariant nucleotide within the degenerate 3 base pair region between half 

sites (Figure 14A).  We also discovered additional motifs consistent with that of known  

AR cofactors at these regions, which suggest that lower levels of chromatin accessibility 

may still permit transcription factor binding (Table 7 in Appendix B).  We separated 

strict and loose ΔDNase increase regions into regions with and without an AR ChIP-seq 

peak (from “All AR intersect” set) and searched for enriched motifs de novo.  ΔDNase 
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regions overlapping AR binding were enriched for motifs matching AR and FOX, as 

expected.  ΔDNase regions without AR binding were enriched for several high 

information content motifs including those for PITX2 and CTCF (Figure 14B, Table 7 in 

Appendix B).  

 

Figure 14: (A) De novo motif analysis of regions containing an AR ChIP-seq peak 
(“All AR Intersect”) and very low DNase-seq signal (black bars in Figure 11) reveals a 

motif closely matching that of the AR, with a noticeable variation in the typically 
degenerate region (black arrow).  (B) De novo motif analysis of ΔDNase regions that 

do not overlap AR ChIP-seq peaks. 

2.4. Changes in chromatin accessibility correlate with the AR 
transcriptional program 

To determine if ΔDNase regions were associated with AR-mediated 

transcriptional changes, we generated mRNA-seq data under conditions matched to our 

DNase-seq experiments and identified genes differentially regulated by androgen 

induction.  Expression values from three replicates generated clustered according to 

hormone treatment status (Figure 15A).  Using edgeR (Robinson et al. 2010), we 

identified 339 genes differentially expressed upon AR induction (FDR < 0.05), 202 of 

which were upregulated and 137 of which were downregulated (Figure 15B, Table 10 in 

Appendix C).  Of these, 46% were identified as AR target genes in at least one other 

study (Table 11 in Appendix C). 
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Figure 15: mRNA-seq analysis of AR-mediated transcriptional changes. (A) Spearman 
correlation heatmap of expression (RPKM) data from each biological replicate of 

LNCaP and LNCaP-induced cells. (B) Heatmap of expression levels (RPKM) for genes 
identified as differentially regulated by the AR.  Rows are ordered by total sum.  
Genes most commonly identified in microarray studies as AR-regulated are all 

located near the top of the heatmap, reflecting their overall high levels of expression 
before and after androgen induction.   

We hypothesized that AR-mediated changes in chromatin accessibility contribute 

to the AR-mediated gene expression program.  By mapping ΔDNase regions to their 

closest gene, we found that strict ΔDNase increase regions were significantly enriched 

near up-regulated genes (p-value < 0.001) and were modestly enriched with 

downregulated genes (p = 0.053; Figure 16A).  Loose ΔDNase increases were 

significantly enriched near both up- and down-regulated genes (p < 0.001).  Loose 

ΔDNase decreases were not present near upregulated genes, but were modestly 

enriched with downregulated genes (p-value = 0.057).  We performed an identical 

analysis using ΔDNase regions and microarray expression data from Massie et al. 

(Massie et al. 2011), and observed similar associations (Figure 16B).  The reverse 

comparison wherein we associated differentially regulated genes to ΔDNase regions  
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Figure 16: Association between ΔDNase regions and AR-regulated transcription. (A-
B) ΔDNase regions were mapped to the closest gene, and the amount of overlap 

between these genes and a randomly chosen gene set containing the same number of 
genes as were identified as AR-regulated was permuted 100,000 times to generate a 

null distribution (histograms) and assess significance of the overlap between ΔDNase  
associated genes and AR-regulated genes.  Arrows indicate the actual overlap 

between ΔDNase nearest genes and AR-regulated genes from either mRNA-seq 
analysis or Massie et al. Blue shading represents less ΔDNase regions 

(absence/depletion) around AR-regulated genes, whereas yellow shading represents 
more ΔDNase regions (presence/enrichment) around AR-regulated genes. (C-D) The 
reverse comparison, relating AR-regulated expression to ΔDNase regions for mRNA-

seq and Massie et al. data. 

within 20 kb of the transcriptional start site shows a similar trend (Figures 16C, 16D).  

Both up- and downregulated genes were associated with loose ΔDNase increases in 

chromatin accessibility.  Interestingly, the borderline significant associations between 

AR downregulated genes and strict ΔDNase increases as well as loose ΔDNase 
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decreases became very insignificant upon limiting the distance criteria for associating a 

ΔDNase region to a gene (Figure 16C).  This finding may indicate that AR-mediated 

repression of gene expression requires chromatin interactions over longer distances.  

Overall, our data support the hypothesis that AR activation preferentially causes distal 

chromatin accessibility changes that result in nearby gene expression changes.   

2.5. Base-pair resolution analysis of DNase-seq reveals multiple 
signal profiles 

Our group and others have shown that deep sequencing of DNaseI cleavage 

libraries can detect individual transcription factor binding events via the identification 

of DNaseI footprints and that DNaseI footprints correspond to local protection of DNA 

from nuclease cleavage by bound transcription factors (Hesselberth et al. 2009; Boyle et 

al. 2011; Pique-Regi et al. 2011).  An overall increase in DNase signal was observed 

around AR motifs (Figure 17A) compared to other transcription factor motifs such as 

CTCF and NRSF (Figures 17B and 17C).  A symmetrical depletion of DNase-seq signal 

was detected around AR motifs in DHS sites that closely matches the information 

content of the AR binding motif dimer (Figure 17A, red line) (Shaffer et al. 2004).  In 

poised AR binding sites, we observed a similar pattern of protection despite lower 

overall DNase-seq signal intensity (Figure 17A, blue line).  Binding sites that became 

available only after androgen induction only exhibited the footprint after androgen 

treatment (Figure 17D, blue line).  Importantly, the overall enrichment of DNase signal 

in LNCaP-induced cells is specific to DHS regions that bind the AR and have an AR 

motif, as opposed to all DHS sites (Figure 17E).  The observed evidence of AR motif 

protection prior to androgen induction (Figure 17A) may represent binding of an 

alternate factor that is displaced upon AR activation, such as has been reported for 

specific loci by GATA2 (Andreu-Vieyra et al. 2011).  From the compendium of cell lines  
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Figure 17: Base pair resolution around AR motif matches reveals a unique pattern of 
protection by the AR.  (A) Aggregate DNase-seq signal around AR motif matches 
within poised DHS sites that bind the AR.  The pattern of DNaseI cuts within the 

motif closely follows the known structure of the AR dimer as well as the information 
content of the AR DNA recognition motif determined from ChIP-seq data.  Aggregate 

DNase-seq signal centered on CTCF (B) and NRSF (C) motif matches genome-wide 
display a structurally different footprint from that of the AR. (D) Aggregate signal 

around AR motif matches within DHS sites unique to LNCaP-induced cells that also 
bind the AR.  (E) Aggregate signal around the center of 10,000 randomly chosen DHS 

sites shared between LNCaP and LNCaP-induced cells.  Note that overall the 
aggregate signal is higher in LNCaP as compared to LNCaP-induced cells within all 

DHS sites. 

that have been processed for DNase-seq through the ENCODE project, we identified H1 

embryonic stem cells and D721 medulloblastoma cells as having relatively low 

expression levels of the AR.  DNase-seq signal around AR motifs within DHS sites in 

these two cell lines resemble that of LNCaP cells prior to hormone treatment (Figure 18), 

suggesting that such a protection pattern in non-AR activated cell lines could result from 

alternative transcription factor binding to DNA at these regions.  This analysis, however, 
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does not exclude the possibility that some structural property of the DNA sequences 

containing the AR motif also contributes to the observed baseline cleavage pattern.   

 

Figure 18: Aggregate DNase-seq signal from LNCaP (blue), H1 embryonic stem cells 
(purple) and D721 medulloblastoma (green) cells around high scoring AR PWM 

matches within DHS sites in each cell line.  Despite D721 and H1 ESCs lacking AR 
expression, a similar DNaseI protection pattern is seen in each cell line, suggesting 

another transcription factor may be utilizing this motif. 

A recent publication highlighted the ability of a computational model, called 

CENTIPEDE, to predict transcription factor occupancy using the DNaseI protection 

pattern around the DNA recognition sequence of a factor (Pique-Regi et al. 2011).  We 

applied this algorithm to our DNase-seq data to ascertain if we could predict AR 

occupancy throughout the genome.  Using the DNaseI cleavage pattern around strong 

AR motif matches, a model for the AR footprint was trained (Figure 19A).  This model 

was applied to all motif matches genome-wide, resulting in a probability of AR 

occupancy at each location.  These probabilities tend to be either very high, or very low 

(Figure 19B).  Setting an arbitrary threshold of 0.90 for a location being bound by AR, 

with anything lower being classified as unbound, and comparing these results with the 

“R1881 intersect” AR ChIP-seq data set (Table 3), we tabulated a sensitivity of 34.2% and  
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Figure 19: CENTIPEDE models DNaseI cuts around AR motifs and generates a 
probability of occupancy for each motif match. (A) Modeled DNaseI cut profile 

around the strongest 1% of AR motif matches across the genome (35,717 total).  Shown 
is the cut profile for LNCaP_induced DNase-seq data. (B) Histogram showing 

distribution of posterior probabilities, reflecting the likelihood that each locus is 
bound according to the model trained in A.   

a specificity of 97.2% for CENTIPEDE identifying AR occupancy across the genome 

(Table 4).  These numbers fluctuated as the threshold for calling an AR motif matches  

Table 4: CENTIPEDE predictions of AR occupancy 

Parameter Value 
True Positives 1,055 
False Positives 922 
True Negatives 31,712 
False Negatives 2,028 

Sensitivity 34.2% 
Specificity 97.2% 

 

was decreased, and partially reflect the fact that a significant proportion of AR binding 

sites do not contain a canonical motif.  Overall, CENTIPEDE proved capable of correctly 

identifying loci that are not bound by AR, but performed poorly in identifying loci 

bound by the AR, likely because of the relatively flat footprint compared to those of the 

transcription factors for which CENTIPEDE was originally optimized for.  This suggests 
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that the AR interacts with the genome in a manner that is fundamentally different from 

these other transcription factors. 

To further investigate the AR footprint we performed k-means clustering to 

search for discrete DNase-seq patterns around AR motif matches (Methods).  DNase-seq 

signal was represented by a vector of DNaseI cuts spanning 15 bp around the center of 

the AR motif.  We identified three reproducible clusters, each of which represented part 

of the observed composite footprint (Figure 20).  These clusters were much less  

 

Figure 20: K-means clustering of LNCaP-induced DNase-seq signal into three 
consistent clusters within AR binding sites. 

frequently detected across repeated iterations of clustering in untreated LNCaP cells.  To 

quantify the degree to which these three patterns were present in LNCaP-induced cells 

compared to untreated cells, we examined the correlation between cluster centers 

obtained by performing k-means clustering 100 times for induced and uninduced 

LNCaP DNase-seq data.  Specifically, the correlation of each cluster center to the cluster 

centers from all previous iterations was computed.  Correlations tightly distributed 

around 1.0 represent highly reproducible clusters across different runs, suggesting that 

the three patterns are robust and consistently observed at AR motifs.  Correlations 

loosely distributed about values less than 1.0 indicate that the three DNase-seq patterns 

at AR motif matches are less reproducible.  We found this correlation distribution to be 

significantly higher (Mann-Whitney p-value < 2.2e-16) for LNCaP-induced cells (Figure  
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Figure 21: Three sub-patterns aggregate to the DNase-seq signal around AR motifs, 
and these patterns are specific to ligand-activated AR.  (A) K-means clustering with 

k=3 was repeated 100 times for LNCaP and LNCaP-induced DNase-seq data within all 
DHS sites with a full-site canonical AR motif.  Shown is the distribution of 

correlations between cluster centers for each run.  Asterisks denote statistically 
significant differences between correlation distributions (Mann-Whitney p-value for 

this comparison < 2.2e-16). (B) Correlation between cluster centers for 100 runs for 
sub-samples of 1000 regions containing AR motifs.  The three clusters observed are 
most reproducible in LNCaP-induced DHS sites that also have an AR binding sites.  

Asterisks indicate statistically significant differences (Mann-Whitney p-value < 0.05).  
(C) Cluster centers with k=6.  Note that for clusters 2 and 5, the variation in signal 

detected falls outside the AR motif.  (D) Correlation between cluster centers for 100 
iterations of k-means clustering with various values of k for DNase-seq signal around 
AR motif matches.  The strongest and most reproducible clusters were found for k=3. 
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21A), with the most robust clustering associated with AR binding (Figure 21B) (Mann-

Whitney p-value < 0.001 between each column of correlations).  Increasing the value of k 

consistently identified the same three general patterns in LNCaP-induced DNase-seq 

data within the AR motif, with multiple clusters aggregating to each general pattern 

(Figure 21C).  Using correlation analysis to analyze clusters from different values of k 

(revealed that k=3 is the most appropriate value (Figure 21D), supporting that three 

distinct patterns of DNaseI cleavage exist within AR motifs.  Overall, the three distinct  

patterns of DNaseI protection appeared to be a robust phenomenon more often detected 

in LNCaP-induced DNase-seq data, suggesting that AR activation stabilizes specific 

chromatin structure around AR motifs.  

AR binding has been associated with enrichment of palindromic full-site AR 

motifs (such as depicted in Figure 17A) as well as half-site motifs (Wang et al. 2007; Tang 

et al. 2011).  The directional footprinting in clusters 1 and 2 is indicative of only half of 

the full canonical AR motif being protected from DNaseI cleavage, whereas Cluster 3 is 

consistent with full-site protection.  Our ability to detect this indicates that specific half 

site usage is consistent across the entire population of cells, and does not fluctuate 

randomly.  The spike in the center of Cluster 3 corresponds to the degenerate bases in 

the middle of the AR motif, indicating reduced DNA protection between AR proteins 

within the dimer.  A recent report examining the dynamics of AR dimerization showed 

in an exogenous system that the AR binding enhancer element of TMPRSS2 requires an 

AR dimer.  Consistently, we observed DNase-seq digestion pattern similar to that shown 

in Cluster 3 within this enhancer element (Figure 22).  
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Figure 22: Example of cluster 3 AR motif within the upstream AR binding enhancer of 
TMPRSS2.  This enhancer was predicted to require a full AR dimer to function (van 

Royen et al. 2012), consistent with a cluster 3 DNase-seq pattern.  The y-axis 
represents number of DNaseI cuts at each base pair, and is fixed at 31 cuts for both 

LNCaP and LNCaP-induced data. 

 

While the 3 observed patterns were consistent and robust; we were interested in 

determining if there was functional relevance to the potential patterns of binding.  First,  

we hypothesized that full-site protection might reflect a stronger AR-DNA association. 

AR ChIP-seq peak scores were evenly distributed between the three clusters, suggesting 

similar binding strength (Figure 23A).  We next explored if each cluster exhibited 

different co-factor motif enrichment.  De novo motif analysis of the 25 base pairs 

upstream and downstream of the motif clusters (Figure 23B) detected greater 

enrichment of the FOX/HNF-3 motif in the highly protected portions (dips) of clusters 1  

and 2.  A motif consistent with NFIC was observed enriched only upstream of cluster 3.   

A similar motif was also detected in analysis of ΔDNase regions (Table 6 in Appendix 

B).  These analyses suggest that the two well-defined dips observed around the 

composite footprint (Figure 17A) correspond to FOX factor-mediated DNA protection 

that is seen to a more noticeable degree in LNCaP-induced DNase-seq data.  Next, we  
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Figure 23: Functional relevance of detected clusters. (A) AR ChIP-seq peak score for 
Massie and Yu AR binding peaks that contain a cluster 1, 2, or 3 AR PWM match.  (B) 

Motif analysis 25 bp up and downstream from AR motif matches for each cluster. 
MEME motifs identified (E > 0.05, E-value shown below logo) are shown in logo 

format. Asterisks mark motifs with a significant match to a known motif (E < 0.05, by 
TomTom). The name of the match is indicated next to the logo, and the percentage of 

regions that contain the enriched motif is indicated below the E-value of the motif. 
HNF-3 and FOX are alternative names for the same transcription factor family. 

DNase-seq signal is shown as the aggregate signal from all cluster members with the 
dotted lines marking the location of the AR motif within the plot. 

attempted to relate cluster-specific AR binding modes to expression of AR-regulated 

genes.  This analysis was complicated by multiple combinations of the 3 AR binding 

modes frequently mapping to the same AR-regulated gene.  Very few genes were 

associated with just one mode of AR binding, and no clear association between footprint 

pattern and gene expression emerged.  Overall, our footprinting analysis revealed three 

different stable modes of AR binding that represent either full or half-site protection at 

full-site DNA motifs. 
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2.6. Validation of ΔDNase motifs 

Several interesting motifs were identified in 2.2 and 2.3 as putative modifiers of 

AR-induced chromatin remodeling.  The most appropriate way to validate these motifs 

is by ChIP-seq, especially since high-quality antibodies for ChIP exist for most of the 

identified transcription factors.  These analyses are pending (see Chapter 5).  A surrogate 

analysis is to examine the DNase-seq signal around motif occurrences for a protective 

footprint (Biddie et al. 2011), which is indicative of transcription factor binding to some 

proportion of motif occurrences.  Thus, we examined the DNaseI cleavage pattern 

around both SP1 motif matches in strict ΔDNase increase regions (Figure 24A) and 

CTCF motif matches in loose ΔDNase increase regions (Figure 24B).  It is important to 

note that the number of regions analyzed is low (several hundred), which limits the 

ability of an aggregate DNase-seq plot to show a significant footprint unless a 

preponderance of motif matches are bound.  Despite this caveat, we observed aggregate 

protection from DNaseI cleavage at motifs for both transcription factors (Figure 24).  The 

SP1 footprint suggests that a small proportion of motif matches within strict ΔDNase 

increase regions are actually bound, given the relatively small dip from peak signal at 

the center of the motif.  Additionally, there appears to at least some SP1 binding in 

LNCaP cells prior to AR-activation given the minimal dip in signal observed (Figure 

24A, blue line).  The CTCF footprint closely mimics that seen in Figure 17B, albeit to a 

lesser degree, indicating that CTCF binding is occurring at a subset of motif matches 

within loose ΔDNase regions.  The extent of occupancy at these locations may not be 

very different before and after AR-activation given the similarity in DNase-seq signal in 

both conditions.   
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Figure 24: DNaseI cleavage pattern around transcription factor motif matches. (A) 
DNaseI cleavage around SP1 motif matches within strict ΔDNase increase regions 

reveals a footprint indicative of SP1-DNA interactions. (B) DNaseI cleavage around 
CTCF motifs in loose ΔDNase regions mimics the footprint seen in Figure 17 and 

suggests that CTCF is bound to regions undergoing chromatin remodeling with AR-
activation. 

2.7. Discussion 
The AR is a transcription factor and a primary driver of PC.  Understanding the 

key determinants of its transcriptional specificity remains a critical issue.  By integrating 

analysis of DNase-seq data with AR ChIP-seq and mRNA-seq, we showed that AR 

activation induced genome-wide changes in chromatin structure that were associated 

with AR binding and transcriptional response and uncovered multiple modes of AR 

utilization of its DNA recognition motif.  Although a subset of AR binding occurs in 

qualitatively poised chromatin exhibiting nucleosome depletion prior to hormone 

treatment, we demonstrated that AR binding is consistently associated with a 

quantitatively significant increase in DNase-seq signal suggesting stabilization of 

nucleosome depletion and chromatin remodeling.  
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Several prior reports also support AR-induced chromatin remodeling (He et al. 

2010; Andreu-Vieyra et al. 2011), including a very recently published study utilizing 

DNase-seq by He et al (He et al. 2012).  Our data combined with these prior reports 

suggest a different model for nuclear receptor interaction with the genome than that 

proposed by John et al for the glucocorticoid receptor (GR) (John et al. 2011) where 

almost all GR binding occurred in poised DHS sites.  The AR and GR, though possessing 

similar DNA-response elements, seem to display fundamentally different interactions 

with chromatin and DNA.  Our data contribute significantly to the understanding of the 

association between chromatin accessibility and nuclear receptor function for several 

reasons.  First, our DNase-seq experiments were sequenced very deeply (~130 million 

reads), which is similar to the depth of sequencing with which John et al observed GR 

binding to poised chromatin.  Second, we utilized a different AR ligand (R1881) and 

time point (12 hours as compared to 4 hours by He et al and 1 hr by John et al).  Similar 

to He et al, we observed that less than half of AR binding occurs within poised 

chromatin.   We also associated AR-induced chromatin remodeling with AR-induced 

transcriptional changes, suggesting that the mechanism of chromatin remodeling and its 

phenotypically-relevant association with differential transcription requires longer 

periods of receptor activation.  Importantly, we used a statistically rigorous measure of 

quantitative change in DNase-seq signal to reach the same result and conclusion. 

Between our study, He et al, and John et al, we note that the degree of nuclear receptor 

binding within regions of poised chromatin decreased with increased hormone 

treatment time (88% in John et al, 37% in He et al, and 20-30% in our study).  These data 

indicate that more extensive comparative analyses over a full time course of ligand 

stimulation of both AR and GR are needed to fully understand the similarities and 
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differences of different hormone receptors with respect to their interaction with 

chromatin structure. 

While the majority of high-confidence AR binding occurred in regions sensitive 

to DNaseI cleavage, a substantial proportion of AR binding events occurred in regions of 

low DNase-seq signal.  It is possible that inconsistent and/or intermittent nucleosome-

depletion at these genomic regions decreases DNA accessibility and limits detection by 

our assay, which appears to be associated with an altered AR motif.  Consistently, we 

also found that AR binding (as measured by AR ChIP-seq signal intensity) is 

significantly lower in non-DHS regions than in DHS regions.  Thus, it is plausible that 

regions that are identified with weaker AR binding and lower DNase-seq signal may 

experience a dynamic equilibrium of nucleosome and nuclear receptor binding as has 

been previously proposed (Segal and Widom 2009).  Loci with reduced DNaseI cleavage 

and AR binding could reflect either low levels of AR binding at linker regions of non-

displaced nucleosomes or residual nucleosome occupancy, limiting accessibility to 

DNaseI cleavage in the cell population.   

AR footprinting analysis further revealed the complexity of the AR-DNA 

interaction.  The aggregate DNase-seq signal around AR motifs demonstrated a 

relatively subtle but consistent pattern of protection that corresponds to the expected 

binding pattern, consistent with other DNaseI footprinting studies (Hesselberth et al. 

2009).  In addition, we found three distinct patterns of DNaseI protection significantly 

associated with LNCaP cells treated with androgen.  The footprint patterns suggest that 

AR either binds to the full AR consensus motif as a dimer (cluster 3) or only binds to half 

of the motif (clusters 1 and 2).  We also cannot exclude the possibility that clusters 1 and 

2 represents AR dimers where only one AR molecule binds to half of the consensus 

motif.  AR binding to either half site did not appear to be random, as evidenced by 
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reproducible detection of distinct clusters.  In other words, random binding to either half 

site in a population of cells would not show consistent half-site protection.  Intriguingly, 

clusters 1 and 2 may provide the first in vivo and endogenous evidence of functional AR 

monomers that have been suggested to exist as a stable subpopulation of AR molecules 

(van Royen et al. 2012).  Only the AR binding sites that displayed a full-site dimer 

protection pattern (cluster 3) were enriched for the NF1C motif, which is a known co-

factor of AR.  Therefore, there appears to be multiple modes by which AR binds to 

canonical DNA motifs in vivo via association associated with different co-factors.  These 

observations are consistent with a recently proposed model of a transient interaction 

between nuclear receptors (such as the AR) and DNA rather than a stronger and more 

stable AR-DNA interaction (Voss et al. 2011).  Our analysis also provides the first 

evidence of sub-structure within a nuclear receptor footprint  

The dynamics of AR-DNA binding are likely impacted by additional co-factors 

that may facilitate AR binding directly or indirectly.  Distal regulatory elements 

identified by DNase-seq displayed an enrichment of SP1 and E2A/TCF3 motifs within 

DHS sites specifically accessible in LNCaP cells as compared to 113 independent cell 

lines.  TCF3, a basic helix loop helix factor involved in WNT/β-catenin signaling (Merrill 

et al. 2004; Yi et al. 2011), represents a new putative co-factor for the AR that warrants 

further investigation to understand its role in AR-mediated chromatin dynamics as well 

as in the crosstalk between AR and β-catenin signaling.  SP1 is especially interesting in 

light of a recent report that identified SP1 as necessary for the expression of a variety of 

chromatin-modifying enzymes such as the histone deacetylases HDAC1-4 in LNCaP 

cells (Chen et al. 2011).  Additionally, small molecule inhibitors of histone deacetylases 

have been shown to decrease the growth rate of AR-positive PC cell lines (Butler et al. 

2000; Rokhlin et al. 2006) and disrupt AR-induced expression of its target genes (Welsbie 
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et al. 2009).  These lines of evidence, combined with our results warrant further 

investigation of SP1 as a mechanism for AR-induced chromatin remodeling.  Overall, 

our analyses show that qualitative and quantitative assessment of chromatin 

accessibility by DNase-seq is an important and useful tool for elucidating AR biology in 

prostate cancer cell line models.  

2.8. Acknowledgements 
I was primarily responsible for the generation, collection, analysis, and 

interpretation as well as written and visual representation of the data presented in this 

chapter.  Galip Yardimci assisted with footprint analysis of the AR.  Yoichiro Shibata 

offered guidance on permutation testing for the significance between ΔDNase regions 

and AR-regulated genes.  Nathan Sheffield assisted with identification of ΔDNase 

regions using edgeR and generated the self-organizing maps described.  Lingyun Song 

and Alexias Safi helped make the DNase-seq libraries.  Barry Taylor assisted with 

generation of an mRNA-seq analysis pipeline.  Stoyan Georgiev assisted with using 

cERMIT for motif analysis. CTCF and Pol II ChIP-seq experiments were conducted in 

collaboration with Bum-Kyu Lee and Vishy Iyer.  I am grateful for the in depth guidance 

and support of Terry Furey, Greg Crawford and Phil Febbo.   



 

63 

5

5 

3. Perturbing the system I: The role of REV-ERBα  in AR 
signaling  

3.1. Introduction 
The previous chapter describes the development of an analytical framework, 

which was used to understand how the chromatin template influences AR binding and 

transcriptional activation.  It is of interest to extend this system to analyze perturbations 

in AR activity.  We were fortunate to enter into collaboration with Abby Brunner and 

Donald McDonnell, who had begun analyzing the role of REV-ERBα as a modifier of AR 

function.  This chapter describes REV-ERBα, the rationale behind hypothesizing that it 

impacts AR function, and our results to date examining how REV-ERBα impacts AR-

regulated chromatin accessibility and target gene transcription.   

3.1.1. REV-ERBα  regulates circadian rhythms and metabolism in a 
heme-dependent manner 

Two independent groups first described nuclear receptor REV-ERBα in the late 

1980s (Lazar et al. 1989; Miyajima et al. 1989) as a protein encoded by the reverse strand 

of the c-erbA/TRα (thyroid receptor α) gene on chromosome 17.  Expression of REV-

ERBα is especially high in liver, adipose, muscle and brain tissue, which is critical to its 

function as a regulator of metabolism and circadian rhythms, discussed below.  REV-

ERBα resembles other nuclear receptors structurally, except that it lacks the c-terminal 

AF-2 region within the ligand binding domain (LBD).  The AF-2 region encodes a helix 

protein structure that mediates coactivator recognition of nuclear receptors by their 

LXXLL motif (Halachmi et al. 1994; Glass and Rosenfeld 2000).  This smaller LBD 

domain retains its ability to bind co-repressor proteins (Zhang et al. 1999; Xu et al. 2002), 

which is key to REV-ERBα performing as a transcriptional repressor. 



 

64 

5

5 

The repressive function of REV-ERBα is mediated through its co-recruitment of 

the nuclear co-repressor protein NCoR to DNA (Zamir et al. 1996; Ishizuka and Lazar 

2003).  HDAC3, a class I histone deacetylase, interacts with NCoR and requires this 

association to remove acetyl groups from histone residues (Zhang et al. 2002).  

Furthermore, HDAC3 is required for REV-ERBα mediated repression of its target genes.  

Optimal association between REV-ERBα and NCoR requires heme, which in 2007 was 

shown by two independent groups to function as a bona fide REV-ERBα ligand 

(Raghuram et al. 2007; Yin et al. 2007).  Interestingly, REV-ERBα regulates heme 

synthesis in the liver indirectly through modulation of PGC-1α, which in turn controls 

expression of Alas1, the enzyme responsible for the first and rate-limiting step of heme 

synthesis in the mitochondrion (Lin et al. 2005). 

REV-ERBα binds DNA as either a monomer or a homodimer (Harding and Lazar 

1993; Harding and Lazar 1995).  Monomer binding occurs at the DNA hexamer 

recognition sequence (A/G)GGTCA, termed RevREs, which is classically preceded by a 

5’ A/T rich sequence (Figure 25A1).  Homodimer binding, similar to many other nuclear 

receptors, occurs at direct repeats of the hexamer response element typically separated 

by 2 base pairs (DR2) (Figure 25B2).  REV-ERBα homodimers, or closely adjacent REV-

ERBα monomers, are required for NCoR recruitment and target gene repression (Zamir 

et al. 1997).  RevRE sequences can also bind retinoic acid receptor-related orphan 

receptors (RORs), which are constitutive activators co-expressed in the same tissues as 

REV-ERBα (Smith and Muscat 2006).  Therefore, monomeric REV-ERBα can still carry 

out an indirect repressive function by competing for RevREs with RORs.   It is important 

to note that REV-ERBβ, a closely related nuclear receptor to REV-ERBα also recognizes 

                                                        
1 From D. Feng, et al. “A Circadian Rhythm Orchestrated by Histone Deacetylase 3 Controls Hepatic Lipid 
Metabolism”. Science Vol. 331, no. 6022, pgs. 1315-1319 (2012). Reprinted with permission from AAAS. 
2 Logo generated using a position weight matrix from http://biowhat.ucsd.edu/homer/custom.motifs 
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RevREs and binds heme.  Whether the relationship between REV-ERBα and REV-ERBβ 

is cooperative or redundant continues to be clarified; however, recent mouse studies 

suggest that their interplay is indeed cooperative both globally and in a tissue-specific 

manner (Bugge et al. 2012; Cho et al. 2012). 

 

Figure 25: REV-ERBα  DNA recognition motifs. (A) Monomer recognition sequence 
derived from ChIP-seq data (Feng et al. 2011). (B) Direct repeat 2 (DR2) motif used by 

REV-ERBα  dimers and is required for repressive function  

Due to its critical regulatory role in circadian rhythms, REV-ERBα influences 

many aspects of human biology.  Circadian rhythms are endogenously driven 

fluctuations in various physiological processes and behaviors such as the sleep/wake 

cycle (Duez and Staels 2009).  Importantly, disruptions in circadian rhythms have been 

implicated in metabolic diseases and cancer of several tissues including the prostate 

(Gachon et al. 2004; Kloog et al. 2009).  The master regulators of these rhythms are 

neurons within the suprachiasmatic nuclei of the hypothalamus, which integrate 

information from zeitgebers (a German word that represents the external cues that 

synchronize the endogenous clock) to orchestrate several central (e.g. sleep/wake) and 

peripheral (e.g. lipid metabolism) functions.  A network of transcriptional and post-

translational events controls circadian rhythms both centrally and peripherally.  At the 
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transcriptional level, the BMAL1 and CLOCK helix-loop-helix proteins heterodimerize 

and bind E-box sequences to regulate a number of circadian genes.  Many of these genes 

participate in feedback loops to intricately control circadian gene expression.  REV-

ERBα, REV-ERBβ, and the RORs bind at RevREs adjacent to these same genes to add 

another layer of feedback and regulation (Burris 2008; Duez and Staels 2009; Yin et al. 

2010).  These relationships are illustrated in a simplified manner in Figure 26.   

 

Figure 26: REV-ERBα  regulates expression of genes involved in circadian rhythms, 
heme synthesis and metabolism via recruitment of NCoR and HDAC3 to its DNA 

recognition elements (RevREs).  Heme is a ligand for REV-ERBα , which upon 
binding stabilizes NCoR recuitment.  Opposing the repressive function of REV-ERBα  
at these genes are the circadian factors BMAL1 and CLOCK, which bind E-box motifs 

(CANNTG). 

Three recent high-throughput studies of REV-ERBα, REV-ERBβ, and HDAC3 

illustrate the importance of these proteins in circadian processes and highlight the 

cooperative relationship of REV-ERBα and HDAC3 (Feng et al. 2011; Bugge et al. 2012; 

Cho et al. 2012).  In two complimentary studies, Bugge et al and Cho et al analyzed the 

cooperative role of REV-ERBα and REV-ERBβ.  These groups found remarkable 
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convergence of REV-ERBα and REV-ERBβ binding sites across the genome of the mouse 

liver.  Dual knockout of both Rev-Erb genes produced defects in circadian behaviors and 

circadian gene expression and induced liver steatosis, a phenotype markedly more 

severe than loss of either Rev-Erb alone.  In a study more relevant to the work described 

in this dissertation, Feng et al examined the role of HDAC3 in circadian rhythms and 

hepatic lipid metabolism.  This study surprisingly found that almost all HDAC3-DNA 

association sites across the liver genome were also occupied by REV-ERBα.  HDAC3 

binding was correlated with a loss of H3K9 acetylation marks as well as loss of Pol II 

binding at the TSS of genes within 10 kb, indicating active repression of these genes.  

Both HDAC3 and REV-ERBα were shown to be critical for circadian regulation of 

hepatic lipogenesis.  However, the role of HDAC3 and REV-ERBα remains to be 

elucidated in other tissue types. 

3.1.2. Rationale for REV-ERBα  as a modifier of AR function  

Multiple lines of evidence piqued our interest in exploring the role of REV-ERBα 

in AR function in prostate cancer models.  First, there is considerable evidence that 

androgen signaling both impacts and is impacted by circadian rhythms.  Cho et al, 

mentioned in the previous section, noted that Rev-Erbα-/- mice had diminished fertility 

regardless of their genetic background, a consequence of reduced androgen signaling 

(Cho et al. 2012).  Alvarez et al generated knockout mice lacking the clock gene BMAL1 

(Alvarez et al. 2008) and found that defects in breeding due to deficient production of 

androgen preceded all other abnormalities in these mice.  Additionally, it has been noted 

that androgens can significantly alter circadian rhythms and behaviors by directly 

activating AR molecules within the suprachiasmatic nucleus of the brain (Karatsoreos et 

al. 2011).   
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Two studies highlight the role of circadian effectors in prostate cancer models.  

Cao et al noted that expression of the circadian gene Per1 is decreased in prostate tumor 

tissue relative to normal prostate (Cao et al. 2009).  Upon further investigation, they 

discovered that PER1 directly interacts with the AR, and abnormal levels of PER1 impact 

ligand-induced AR expression and cell proliferation.  Interestingly, the authors also 

demonstrated that Per1 is a target gene of the AR.  In the second study, a group treated 

LNCaP cells with melatonin (Moretti et al. 2000), which is physiologically produced by 

the pineal gland as an effector of the sleep/wake cycle in response to lack of sunlight.  

Melatonin treatment decreased proliferation of LNCaP cells through a mechanism 

unrelated to the melatonin receptor, and this mechanism was not elucidated further.  A 

more recent study confirmed that melatonin suppresses AR transactivation and prostate 

cancer cell growth, however, the authors showed this effect is due to melatonin receptor-

mediated activation of Protein Kinase A and Protein Kinase C (Tam and Shiu 2011).     

Strong evidence supports a role for HDAC3 in AR-mediated transcriptional 

activation.  In a report examining pan-HDAC inhibition as well as HDAC-specific 

knockdown by RNA intereference in LNCaP cells, Welsbie et al demonstrated that the 

increase in androgen-induced expression for several genes including KLK3, KLK2, and 

TMPRSS2 requires HDAC3 (Welsbie et al. 2009).  In a more detailed study, HDAC3 was 

found to be recruited to AR binding sites near AR target genes in a ligand-dependent 

manner (Chng et al. 2012).  Finally, results from Chapter 2 implicate YY1 in AR-induced 

chromatin remodeling.  YY1 can cooperate directly with HDAC3 to regulate gene 

expression in breast cancer cells (Sankar et al. 2008). 

Together, these lines of evidence clearly implicate a role for circadian rhythms 

and HDAC3 in androgen homeostasis, AR function, and prostate cancer.  Given the 

already discussed overlap in genome-wide binding sites observed between HDAC3 and 
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REV-ERBα, we began to investigate if REV-ERBα impacts AR function in prostate cancer 

cell lines. 

3.1.3. REV-ERBα  and HDAC3 regulate AR target gene expression   

Several small-molecule and genetic experiments validated the role of REV-ERBα 

and HDAC3 in AR function.  As I did not generate or analyze this data, I will only 

summarize the findings here without showing specific data points. 

First, small interfering RNAs (siRNAs) were utilized to deplete REV-ERBα in 

VCaP, LNCaP and LNCaP-AR (LNCaP cells over-expressing the AR) cells.  Due to the 

lack of a suitable antibody for Western blotting of REV-ERBα, knockdown was assessed 

at the RNA level, and consistent depletion of around 70% of REV-ERBα RNA was 

obtained.  The androgen-induced expression of several genes from an AR-target gene 

signature (Norris et al. 2009) was examined in control and knockdown cells.  Numerous 

androgen-activated genes, including SGK1, MAK, RHOU and KLK2, were repressed by 

REV-ERBα knockdown.  AR expression was not impacted by REV-ERBα depletion.  Of 

note, a subset of AR-activated genes were unaffected by REV-ERBα knockdown (Table 

12, Appendix C).  Interestingly, AR activation also repressed REV-ERBα, suggesting a 

feedback mechanism.  Additionally, REV-ERBβ expression increased approximately 30% 

with REV-ERBα knockdown, consistent with a compensatory backup role for this gene.  

Finally, more AR-repressed genes were not impacted by REV-ERBα knockdown (e.g. 

CXCR7).  Two synthetic antagonists were also used to inhibit REV-ERBα function, and 

these experiments confirmed results from the siRNA approach. 

Next, HDAC3 was depleted using siRNAs to evaluate the overlap between 

HDAC3 and REV-ERBα regulated genes.  HDAC3 siRNAs were able to knockdown 90% 

of HDAC3 RNA, with more modest results at the protein level.  Under these knockdown 

conditions, several genes, including KLK3 and STEAP4, exhibited a decrease in AR-
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activated expression, indicating substantial overlap between HDAC3 and REV-ERBα-

dependent genes.  In significant contrast to broad HDACi, HDAC3 depletion did not 

increase expression of neuroendocrine genes such as Beta-Tubulin III and 

synaptophysin, indicating that neuroendocrine transdifferentiation can be de-coupled 

from AR target gene repression in an HDAC-specific manner.  Together, these 

experiments strongly support that HDAC3 and REV-ERBα are required for AR-

activation induced increases in the expression of many AR target genes.  Thus, we 

proceeded to analyze the impact of REV-ERBα on AR-induced chromatin accessibility.  

3.2. REV-ERBα  impacts chromatin accessibility before and after 
AR activation 

 

Figure 27: Schema of REV-ERBα  knockdown and androgen treatment.  Serum 
shock was used to synchronize circadian rhythms.  Cells were subsequently grown in 
media containing charcoal-stripped (C/S) serum to deprive them of hormone prior to 

treatment with androgen (R1881) or vehicle (no androgen).   

To study the function of REV-ERBα in AR-mediated transcriptional activation in 

LNCaP cells, we designed the experimental schema illustrated in Figure 27.   Cells were 

exposed to 50% serum for two hours in order to synchronize their circadian rhythms 

(Balsalobre et al. 1998).  Two biological replicates of the illustrated schema were 
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processed, however, all analysis described in this dissertation are based on the one 

replicate that had been completely processed at the time of writing.  Prior to sequencing 

of DNaseI digested chromatin, we confirmed appropriate depletion of REV-ERBα 

(approximately 75%) and its effect on androgen-regulated gene expression (Figure 28). 

 

Figure 28: Confirmation of REV-ERBα  knockdown.  (A) siRNAs against REV-ERBα  
reduce REV-ERBα  expression and decrease AR-induced KLK3 (B) and STEAP4 (C) 

expression while minimally affecting AR expression (D). 

First, we explored the global impact of REV-ERBα knockdown on chromatin 

accessibility.  Our DNase-seq analysis pipeline calls initial peaks based on each replicate, 

but these are much broader regions than the final peaks called from multiple replicates.  

Therefore, in order to assess the impact of androgen (R1881) treatment and REV-ERBα 

knockdown globally without intersecting peaks as in Chapter 2, we examined the 

correlation of DNase-seq signal across chromosome 19 in a pair-wise fashion (Figure 29).  

As expected from Chapter 2, each experimental condition was highly correlated with the 

others.  AR-activation perturbed the global DNase-seq signal the most, resulting in the 
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lowest correlation coefficient between untreated (No Drug) and treated cells (R1881) 

(Figure 29, top right panel).  REV-ERBα depletion in androgen treated or untreated 

LNCaP cells had a slightly more modest effect than androgen treatment (Figure 29, left 

column of panels).  Interestingly, REV-ERBα knockdown blunted the global androgen-

induced change in DNase-seq signal (Figure 29, bottom right panel).   

 

Figure 29: Correlations between REV-ERBα  DNase-seq libraries.  The entirety 
of chromosome 19 was divided into 100 bp bins, and the maximum DNase-seq signal 
in each bin was compared across each of the four libraries in a pair-wise manner.  The 

correlation coefficient is shown for each comparison. 

Next, we qualitatively examined the DNaseI cleavage patterns around REV-

ERBα-dependent and independent AR target genes.  DNase-seq signal around REV-

ERBα independent genes such as KLF5 was essentially unchanged between control and 

REV-ERBα knockdown.  However, around REV-ERBα-dependent genes, REV-ERBα 

knockdown impacted chromatin accessibility in several ways, especially at AR binding
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Figure 30: Androgen- and REV-ERBα-mediated changes in chromatin accessibility around two REV-ERBα-regulated genes.  AR binding sites 
(“R1881 intersect” from Chapter 2) and high-quality DR2 motif matches are shown above the data.  The first four rows correspond to the four 
experiments described in this chapter; the last two rows are data from Chapter 2 for comparison.  Each row is labeled with its androgen and 
RNA interference treatment conditions.  * denotes regions chromatin accessibility is substantially changed only in induced cells after REV-

ERBα  knockdown.  ^ denotes a region where androgen-mediated repression of DNaseI signal is lifted with REV-ERBα  knockdown.  # marks 
a region where chromatin accessibility before and after androgen is decreased with REV-ERBα  depletion, but the overall effect of AR-

activation is unchanged 
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Figure 31: Androgen- and REV-ERBα-mediated changes in chromatin accessibility around FKBP5.  As with Figure 30, * 
denotes regions where androgen-induced increases in DNase-seq signal are decreased by REV-ERBα  knockdown. ^ marks a 

region that exhibits an increase in chromatin accessibility only after REV-ERBα  knockdown.  
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sites.  For example, around KLK3, depletion of REV-ERBα both blunted androgen-

induced increases (Figure 30, asterisks) and relieved androgen-mediated repression of 

DNase-seq signal (Figure 30,  ^ mark).  Additionally, at the KLK2 promoter, REV-ERBα 

knockdown decreased overall chromatin accessibility, but did not impact the change 

observed with AR-activation.  A similar pattern of REV-ERBα knockdown decreasing 

androgen-induced increases in chromatin accessibility was observed within the body of 

FKBP5 (Figure 31, asterisks).  At one locus adjacent to an AR binding site, REV-ERBα 

depletion facilitated an AR-induced increased in DNase-seq signal (Figure 31 ^ mark).  

At these few genes, REV-ERBα knockdown does not noticeably influence chromatin 

accessibility prior to AR activation, but rather impacts the increases in accessibility 

caused by androgen induction.  This suggests that REV-ERBα facilitates the recruitment 

of AR to chromatin to enhance expression of specific target genes.   

Published algorithms to detect significant differences in sequencing experiments 

rely on multiple replicates to correct for biological and technical variation.  Since this 

analysis used only one replicate of data, we pursued a strategy very similar to the 

normalized differential tag count used in Chapter 2.2 to quantitatively assess the impact 

of REV-ERBα upon chromatin accessibility.   This approach has also been very recently 

validated by another group as a method to identify nuclear receptor bound loci (He et al. 

2012).  Briefly, the number of DNase-seq tags from the union set of initial peaks from 

each of the four experiments (+/- R1881, +/- REV-ERBα knockdown) was counted for 

each experiment.  The obtained count was normalized, and then a pair-wise Δ value was 

calculated between two experiments for each of the union regions (see Methods for full 

details, Appendix A).  The data used to calculate the various Δ values are indicated in 

Figure 32.  This approach assigned values representing the impact of no perturbation, 

androgen treatment and/or REV-ERBα knockdown to a union set of DHS sites 
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consisting of 277,932 regions spanning 238,011,348 base pairs (8.2% of the effective 

human genome).   

 

Figure 32: Calculation of Δ  values to assess impact of AR activation by R1881 
and REV-ERBα  knockdown upon chromatin accessibility. (A) Change in chromatin 

accessibility in untreated (no R1881) cells with REV-ERBα  knockdown (B) Change in 
chromatin accessibility with R1881-induced AR activation (C) Change in chromatin 

accessibility in androgen-treated cells due to REV-ERBα  knockdown (D) AR-induced 
changes in chromatin accessibility that are independent of REV-ERBα  knockdown (E) 

The impact of REV-ERBα  knockdown upon AR-induced changes in chromatin 
accessibility  (F) Table showing the calculations for each Δ  value and how to interpret 

the value. 

Next, we quantitatively explored the observation that REV-ERBα knockdown 

primarily impacts chromatin accessibility at regions that undergo chromatin remodeling 
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in response to AR-activation.  First, we examined the calculated Δ parameters for AR 

binding sites relative to all DHS sites (Figure 33).  As expected from Chapter 2, AR  

 

Figure 33: Δ  values for AR binding sites versus all sites.  Data in boxplots marked 
“AR” are AR-bound subsets of the adjacent boxplot marked “All”.  Δ  values for AR 
binding regions are shown in blue, and are compared to the range of values for all 

regions, pictured adjacent.  AR binding sites exhibit substantially higher increases in 
chromatin accessibility with R1881, as expected (A vs B).  This higher increase is 
decreased when REV-ERBα  is depleted (A vs C).  AR binding regions are more 

dependent upon REV-ERBα  to maintain chromatin accessibility than all regions (E vs 
F).  REV-ERBα  knockdown minimally impacts chromatin accessibility at AR binding 

sites prior to hormone activation (G).  Asterisk denotes if the median AR-bound Δ  
value is outside the interquartile range for its corresponding set of all Δ  values.  

binding sites undergo chromatin remodeling such that chromatin accessibility is 

increased upon androgen-induction (Figure 33A vs 33B).  This increase is blunted by 

knockdown of REV-ERBα (Figure 33A vs Figure 33C).  Interestingly, REV-ERBα is 
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required to maintain chromatin accessibility after AR-activation (Figure 33E vs 33F), but 

not prior to hormone treatment (Figure 33G vs 33H), quantitatively confirming our REV-

ERBα-dependent gene-specific observations from Figures 30 and 31.   

Focused assessment of the relationship between AR-induced chromatin changes 

with intact levels of REV-ERBα (siCtrlΔR1881) and REV-ERBα-mediated changes before 

(NDΔsiREV) and after hormone activation (R1881ΔsiREV) at AR binding sites showed 

that the chromatin remodeling observed at AR binding sites is generally only dependent 

upon REV-ERBα once the AR is activated (Figures 34A and 34C).  We divided up AR 

binding sites with respect to the amount of chromatin remodeling observed with 

androgen induction and confirmed that REV-ERBα generally promotes chromatin state 

after AR-activation (Figure 34C and 34D).  Unexpectedly, we noticed that for regions 

that whose chromatin accessibility decreases upon AR binding, REV-ERBα is required to 

maintain accessibility prior to AR activation.  Together, these results indicate that REV-

ERBα both potentiates AR-induced chromatin remodeling and maintains chromatin 

accessibility prior to AR binding.   

To explore if the influence of REV-ERBα is limited to AR binding sites, we 

conducted a similar analysis for all DHS sites that are not AR binding sites (Figure 35).  

We observed an identical trend for the role of REV-ERBα in both maintaining chromatin 

accessibility at regions that are poised prior to hormone treatment and in mediating 

increases to chromatin accessibility with AR-activation, despite no AR binding at these 

regions (Figure 35B and D).  In contrast to AR binding sites, REV-ERBα exerts a 

repressive effect after R1881 activation upon poised DHS sites  (Figure 35D, Bottom 

5000).  The Bottom 5000 set of regions contains dozens of high-quality REV-ERBα DR2 

motifs.  These observations indicate that REV-ERBα-mediated maintenance of chromatin  



 

79 

 

Figure 34: Comparison of change in chromatin accessibility due to AR 
activation and REV-ERBα  knockdown for AR binding sites.  (A) Plot of R1881-

dependent change in chromatin accessibility versus REV-ERBα-dependent change 
prior to R1881.  (B) Boxplots of REV-ERBα  dependent chromatin accessibility before 

R1881 treatment.  The top, middle and bottom R1881-dependent changes in chromatin 
accessibility, representing increased, unchanged and the least increased changes at 

AR binding loci were identified.  The distribution of change in pre-hormone 
(untreated) chromatin accessibility with REV-ERBα  knockdown is plotted for these 
locations relative to at all locations.  The regions that undergo the most chromatin 

remodeling with AR binding do not rely on REV-ERBα  to maintain chromatin 
accessibility prior to hormone activation, whereas those that undergo the largest 

decreases in chromatin accessibility rely on REV-ERBα  to maintain their pre-hormone 
chromatin accessibility.  (C) Plot of R1881-dependent changes in chromatin 

accessibility versus REV-ERBα-dependent change after R1881 treatment.  (D) 
Boxplots of REV-ERBα  dependent chromatin accessibility after R1881 treatment.  The 

distribution of change in AR-activated chromatin accessibility with REV-ERBα  
knockdown is plotted for the same regions as in B.  The regions that undergo the most 

chromatin remodeling with AR binding rely on REV-ERBα  to for their increased 
chromatin accessibility, whereas those that undergo relatively little remodeling 
(poised for AR binding – middle5000) are generally REV-ERBα  independent.  

Asterisks identify data sets whose median is shifted outside the interquartile range of 
the “All” dataset, which is the metric used to represent a significant difference.   
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Figure 35: Comparison of change in chromatin accessibility due to AR 
activation and REV-ERBα  knockdown for DHS regions that do not contain an AR 

binding site.  (A) Plot of R1881-dependent change in chromatin accessibility versus 
REV-ERBα-dependent change prior to R1881.  (B) Boxplots of REV-ERBα  dependent 
chromatin accessibility before R1881 treatment.  Data sets are same as in Figure 34B, 
except are regions that do not bind the AR.  The same trend observed in AR binding 

sites (Figure 34B) from REV-ERBα  maintaining chromatin accessibility prior to 
hormone is observed in non-AR binding sites. (C) Plot of R1881-dependent changes 

in chromatin accessibility versus REV-ERBα-dependent change after R1881 treatment.  
(D) Boxplots of REV-ERBα  dependent chromatin accessibility after R1881 treatment.  
The distribution of change in AR-activated chromatin accessibility with REV-ERBα  

knockdown is plotted for the same regions as in B.  The regions that undergo the most 
chromatin remodeling with AR binding require REV-ERBα  to for their increased 

chromatin accessibility, whereas REV-ERBα  represses chromatin accessibility at the 
regions whose accessibility is repressed with AR activation (bottom5000, but no AR 

binding).  This last observation is different from what is observed in Figure 34D.  
Asterisks identify data sets whose median change is outside the interquartile range 

for “All” regions, which is the metric used to represent a significant difference. 
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accessibility prior to hormone is lost after AR-activation.  Overall, these data 

demonstrate that REV-ERBα at least partially mediates or sustains AR-induced 

chromatin remodeling genome-wide and at AR binding sites, providing a mechanistic 

explanation for the impact of REV-ERBα depletion upon AR-induced transcriptional 

activation. 

Next, we examined the regions with the highest and lowest Δ values to identify 

shared DNA patterns resembling motifs for either the classic REV-ERBα direct repeat 

(Figure 25B) or other annotated motifs from the TRANSFAC (Matys et al. 2006) and 

JASPAR (Portales-Casamar et al. 2010) databases.  A de novo approach did not yield any 

motifs of interest, however, scanning these regions specifically with annotated motifs 

did identify enrichment of the AR, a REV-ERBα hexamer, and AR associated co-factors 

(Table 8 in Appendix B).  Regions whose chromatin became less accessible with REV-

ERBα knockdown, either with or without androgen (Figure 31, comparisons C and A, 

respectively), were enriched for both the AR motif, motifs that clearly resemble the REV-

ERBα motif (see match rank #24 for Table 8 (R1881ΔsiREV) and match ranks #14 and 

#21 in Table 8 (NDΔsiREV)), as well as additional AR co-factors.  Since the REV-ERBα 

motif is not contained within the annotated databases used for these scans, this 

represents reasonable validation that REV-ERBα motifs are enriched in regions that lose 

chromatin accessibility with its knockdown.  As expected for this analysis, regions 

whose DNase-seq signal increased with androgen and intact levels of REV-ERBα (Figure 

31B, siCtrlΔR1881) were enriched for motifs that matched the AR as well as several of its 

known co-factors such as OCT1, FOX and GATA.  Analysis of regions with increased 

chromatin accessibility with androgen despite depleted REV-ERBα (Figure 32D, 

siRevΔR1881) revealed a similar set of motifs, but the enrichment score of the AR motif 
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was decreased, suggesting that REV-ERBα knockdown prevented a proportion of AR-

induced chromatin remodeling.   

We also scanned the union set of initial peaks from all four experiments using 

the position weight matrix for DNA sequences recognized by REV-ERBα (Figure 25B).  

Several hundred high-quality DR2 matches were found within regions that exhibited 

either the greatest variation in DNase-seq signal with androgen induction and/or REV-

ERBα knockdown.   

Together, these data infer that REV-ERBα binds to chromatin containing its DNA 

motif, and then this binding is lost upon RNA interference, resulting in changes in 

chromatin accessibility as measured by DNase-seq. 

Motif analysis of regions whose androgen-induced chromatin accessibility 

changes are most attributable to REV-ERBα (ΔΔREV regions, Figure 32E), also yielded 

several interesting results.  The top enriched motif in regions where REV-ERBα 

potentiates AR-mediated increases in chromatin accessibility corresponds to SP1, 

confirming our analysis from Chapter 2 as well as suggesting cooperation between SP1 

and REV-ERBα (Table 8).  Interestingly, regions where REV-ERBα represses AR-induced 

increases in chromatin accessibility were enriched for CTCF and Kaiso motifs (Table 8).  

As will be discussed in the next chapter, CTCF regulates gene expression both through 

its insulator activity as well as its role in organizing the 3-D structure of the genome.  

Kaiso is a zinc finger transcription factor that is known to interact with and influence 

CTCF function by inhibiting its insulator activity or prevent its binding to chromatin at 

specific loci (Weth and Renkawitz 2011).  Taken together with enrichment of the CTCF 

motif in non-AR binding regions that undergo chromatin remodeling with androgen 

from Chapter 2, these results intriguingly indicate opposing roles for CTCF and REV-
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ERBα at non-AR binding cis-regulatory elements whereby REV-ERBα facilitates 

inhibition of CTCF binding through Kaiso.    

3.3. Discussion 
Circadian rhythms play a critical role in homeostasis, and their dysregulation has 

been linked to prostate cancer incidence.  REV-ERBα, through its association with NCoR 

and HDAC3, is an important regulatory component of circadian rhythms.  As HDAC3 is 

also necessary for AR-mediated transcriptional activation, we examined the interplay 

between REV-ERBα and AR function.  The data described in this chapter strongly 

support a requirement for REV-ERBα in AR-mediated chromatin accessibility and target 

gene expression, although the implications for these interactions on circadian rhythms 

remains unexplored. 

AR-activation by ligand both activates and represses the transcription of a set of 

target genes (Mendiratta et al. 2009; Norris et al. 2009; Chng et al. 2012; Zhao et al. 2012).  

By systematically assaying target genes using quantitative PCR, we identified a set of 

AR-target genes whose expression depends on REV-ERBα.  While not comprehensive, 

this analysis indicates that REV-ERBα primarily contributes to AR-induced increases in 

gene expression.  Importantly, the role of REV-ERBα in AR-mediated expression is likely 

facilitated through its canonical association with HDAC3, as evidenced by the overlap in 

HDAC3 and REV-ERBα-regulated genes.  These findings provide sufficient rationale to 

proceed with a high-throughput assessment of REV-ERBα and HDAC3 function in AR-

regulated transcriptional activity by microarray or transcriptome sequencing. 

Quantitative assessment of chromatin accessibility changes provided three 

general insights into the functional impact of REV-ERBα upon AR-mediated expression.  

First, REV-ERBα facilitates androgen-induced increases in chromatin accessibility at 

least a subset of both AR binding sites and loci that do not bind the AR.  This finding 



 

84 

adds another dimension to the conclusions drawn in Chapter 2 and provides a putative 

mechanism whereby HDAC3 is recruited to chromatin in order to facilitate AR-

regulated expression increases.  Such a mechanism also suggests a novel role for the 

repressor protein NCoR in transcriptional activation.  Second, REV-ERBα maintains the 

increases in chromatin accessibility induced by AR activation.  This observation holds 

true at both AR binding sites and loci unbound by the AR.  Third, REV-ERBα, in a 

manner similar to FOXA1 or AP-1 (for the glucocorticoid receptor), is a licensing factor 

that maintains the “openness” or chromatin accessibility at AR binding sites prior to 

ligand activation and subsequent AR binding.  A simplified linear model incorporating 

these three principles is illustrated in Figure 36.   

A major caveat of our analysis is the fact that the insights mentioned above only 

represent general trends.  For example, Figure 34D indicates that for a small subset of 

the AR binding sites that undergo the largest increases in chromatin accessibility, REV-

ERBα knockdown actually augments this increase.  This effect, opposite from the 

general trend, cannot be solely attributed to noise from one technical replicate, as the 

calculated impact of REV-ERBα depletion upon AR-activated chromatin (R1881ΔsiREV) 

value is above the 3rd quartile level for the entire spectrum of these values.  A more 

prevalent example is the analysis of DHS regions that do not contain an AR binding site 

in Figure 35D.  Although REV-ERBα certainly promotes chromatin accessibility in AR-

activated cells at most of the regions that undergo the largest increases in DNase-seq 

signal (left boxplot), a substantial proportion of these regions are repressed by REV-

ERBα.  However, we do note that the pervasiveness of these general trends may actually 

be larger than our current observations, as we are currently unable to assess how much 

our RNA interference is actually depleting REV-ERBα protein levels.  Careful 

delineation of how different loci are impacted by REV-ERBα knockdown, with proper 
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quantification of REV-ERBα protein depletion, will be necessary to properly 

comprehend the role of REV-ERBα in AR function. 

 
Figure 36: Simple linear model for REV-ERBα  in AR-mediated transcriptional 

activation.  With androgen activation, AR-target gene transcription is increased (A).  
REV-ERBα  acts as a placeholder at a region that is bound by the AR after its 

activation by ligand (B).  This region is also more accessible after AR binding.  AR 
recruitment to DNA is facilitated both by its ligand, as well as deacetylation of its 
cofactor (F) by REV-ERBα  in complex with HDAC3.  Other regulatory regions also 

undergo chromatin remodeling such that they become more accessible, and are 
potentially bound by SP1 or CTCF (C and E).  Regions that were held open for 

potential AR binding by REV-ERBα , but are not bound after AR-activation, 
experience a decrease in chromatin accessibility (D).   

There are several possible mechanisms by which REV-ERBα could influence AR-

mediated gene activation.  One mechanism could involve direct interaction between 

REV-ERBα and the AR to facilitate AR-DNA interactions through REV-ERBα binding to 

the chromatin template.  Approximately 25% of AR binding sites contain a motif 

resembling the REV-ERBα DR2, although it is difficult to attribute this motif solely to 

REV-ERBα because of its similarity to the AR recognition sequence.  However, in light of 
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evidence that the AR can be indirectly tethered to DNA (Norris et al. 2009), it remains 

possible that these motifs are alternatively used by REV-ERBα to further secure the AR 

to chromatin.  A more indirect mechanism could involve the REV-

ERBα/HDAC3/NCoR complex.  This complex could bind RevREs and either decrease 

the expression of a gene that represses AR function or enhance the expression of an AR 

collaborating factor.  Results from our motif analyses offer candidate factors that REV-

ERBα could impact in order to exert its influence on AR transcriptional activation.  The 

discovery of both Kaiso and CTCF motifs in regions where REV-ERBα represses AR-

induced chromatin changes offers one potential example of this mechanism.  REV-ERBα 

could facilitate Kaiso binding to DNA, which in turn would repress CTCF-mediated AR 

function.  A final mechanism for REV-ERBα influencing the AR could be through 

HDAC3-catalyzed deacetylation of proteins that promote AR function, such as has been 

demonstrated for HDAC6 via modulation of Hsp90 acetylation (Ai et al. 2009).   

 The results presented in this chapter validate the utility of DNase-seq data to 

understand the function of a transcription factor within a cellular context.  Although 

chromatin immunoprecipitation is the gold standard assay to determine binding sites 

for a single factor, it cannot reveal information about what other transcription factors 

may be exerting their influence upon the same target genes at other loci.  Our results 

show that quantitatively determined changes in DNase-seq can identify these other 

factors.  Together, integrated analysis of chromatin accessibility, transcription factor 

binding, and expression can synergistically inform our understanding of the cellular 

response to androgens.   
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4. Perturbing the system II: CTCF 
Motif analysis of regions that displayed increases in chromatin accessibility with 

androgen treatment in LNCaP cells, but did not bind the AR, revealed enrichment of a 

motif recognized by the CCCTC-binding factor (CTCF).  The role of CTCF in AR 

function has not been explored in much detail, with the exception of a recent 

computational analysis (Taslim et al. 2012), which concluded that a subset of AR-

regulated genes were controlled by the combinatorial function of CTCF, H3K4me2 

histone modifications, AR and FOXA1.  This study was limited by its usage of HeLa and 

T-cell derived CTCF binding sites, and thus did not examine CTCF binding prior to or 

after AR-activation.  We have generated ChIP-seq data for CTCF in LNCaP cells with 

AR-activation, but these data were not fully analyzed at the time of writing this thesis.  

However, we were able to functionally analyze the role of CTCF in a different model, 

the breast cancer cell line MCF-7, by depleting CTCF expression and making use of the 

analytical framework discussed in Chapter 2.  In this chapter, we summarize the current 

understanding of CTCF function and present results to date from CTCF knockdown in 

MCF-7 cells.   

4.1. Introduction 
Two independent groups identified the CCCTC-binding factor, also known as 

CTCF, in 1990 (Baniahmad et al. 1990; Lobanenkov et al. 1990).  The full-length protein 

contains an eleven zinc-finger central DNA binding domain (Ohlsson et al. 2001; Phillips 

and Corces 2009) that is very conserved across higher eukaryotes.  Originally 

characterized as a repressor of c-myc (Filippova et al. 1996), CTCF displays an ability to 

utilize different combinations of its zinc fingers to bind different DNA sequences.  This 

capacity led to CTCF being described as “multivalent”, which in the intervening 16 
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years has proved to be a prescient adjective.  Indeed, CTCF regulates gene expression 

programs in multiple contexts by binding to DNA and influencing the epigenome of the 

cell.   

4.1.1. DNA recognition sequence of CTCF 

Loci-specific DNaseI footprinting consistently identifies a region of protection 

from cleavage around CTCF binding sites of approximately 50-60 base pairs (Ohlsson et 

al. 2001).  Due to the multivalent nature of CTCF, in vitro assays to detect a binding 

sequence yielded significant variation in results.  More recent high-throughput efforts 

using ChIP-chip (Kim et al. 2007) and ChIP-seq (Barski et al. 2007; Lee et al. 2012; 

Schmidt et al. 2012) have identified a reproducible 20 bp consensus binding sequence 

(Figure 37A) that is present in a majority of ChIP-detected peaks.  Interestingly, de novo 

identification of CTCF-mediated protection from DNaseI cleavage across mutiple cell 

lines identified an 9 bp motif located 10 bp upstream of the 5’ end of the CTCF 

consensus motif (Boyle et al. 2011), which has since been reproduced by two 

independent reports (Rhee and Pugh 2012; Schmidt et al. 2012).  Whether this motif 

(Figure 37B)1 represents alternative positioning of CTCF zinc fingers or consistent co-

binding of an alternative factor remains to be elucidated.   

4.1.2. CTCF is an insulator-binding protein  

Insulators are cis-regulatory elements that meet two experimental criteria: (1) 

they are able to block communication between an enhancer and a promoter in a position 

dependent manner, ie, the insulator is located between the enhancer and the promoter, 

and (2) they act as a barrier to prevent the spread of heterochromatin across the genome  

                                                        
1 Reprinted from “Waves of Retrotransposon Expansion Remodel Genome Organization and CTCF Binding 
in Multiple Mammalian Lineages, Vol 148, Issue pgs 335-348, Copyright 2012, with permission from Elsevier    
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Figure 37: CTCF DNA recognition motif. (A) The canonical CTCF logo, taken 
from the TRANSFAC database (Matys et al. 2006) (B) Expanded CTCF logo (Schmidt 

et al. 2012) with a secondary motif whose center is located 20 bp upstream of the 
center of the canonical motif.  

(Phillips and Corces 2009).  Experimental validation of insulator elements is carried out 

using transgene reporter assays, where the putative insulator sequence is placed 

between a known and enhancer and a promoter that drives reporter expression.  After 

introduction of the transgene into a specific cellular context, the degree to which the 

reporter is repressed is indicative of the amount of insulator function.  The CCCTC-

binding factor, or CTCF, is the best-characterized protein that binds these cis-regulatory 

elements to establish insulator function. 

The link between insulators and CTCF was first established in a report showing 

that CTCF binds an insulator sequence upstream of the chicken β-globin locus (Bell et al. 

1999).  Since this discovery, numerous cis-elements bound by CTCF, especially those 

around the β-globin and H19/Igf2 gene loci, have been validated by insulator transgene 

assays.  Several genome-wide studies have since provided evidence of a global role for 

CTCF-mediated insulator activity.  Xie et al identified several highly conserved motifs in 

non-coding regions across the genome, three of which bound CTCF in affinity capture 

experiments.  These motifs were analyzed in relation to divergent gene pairs, which are 

adjacent genes that are transcribed in opposite directions and have highly correlated 
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expression levels.  If a predicted CTCF binding motif was present in between a 

divergent gene pair, the co-expression of the two genes was decoupled, providing 

evidence of insulator activity within the natural context of the cell as opposed to a 

transgene assay (Xie et al. 2007).  Three recent studies have implicated CTCF in insulator 

barrier function.  First, in a study that identified regions of the genome that interact 

directly with the nuclear lamina, CTCF binding was enriched at the borders of the 

lamina-associated genomic domains.  Lamina-associated domains are enriched for 

repressive histone marks, and genes within these domains exhibit markedly lower levels 

of expression than genes closer to the center of the nucleus (Guelen et al. 2008).  A 

second study identified a small but significant proportion of CTCF binding sites that 

demaracated the boundary between chromatin containing the repressive H3K27me3 

histone mark, and chromatin containing the active H2AK5Ac mark (Cuddapah et al. 

2009).  The third study, introduced in Chapter 1, integrated ChIA-PET data for CTCF 

with seven histone marks to identify CTCF binding sites that separated active chromatin 

domains from repressive ones (Handoko et al. 2011).  Together, these lines of evidence 

strongly suggest that CTCF serves as a global insulator protein. 

Several factors that modulate the function of CTCF-bound insulators have been 

identified.  Most pervasive is the co-occupancy of cohesin proteins at tens of thousands 

of CTCF binding sites across the genome (Parelho et al. 2008; Wendt et al. 2008; Schmidt 

et al. 2010).  Cohesin recruitment to these locations is CTCF-dependent, and the current 

understanding of this co-recruitment is that it stabilizes CTCF-mediated looping and 

insulator function (Stedman et al. 2008; Degner et al. 2009).  Kaiso, a nuclear zinc finger 

transcription factor, functions to counteract the impact of CTCF binding.  It is capable of 

direct interaction with CTCF (Defossez et al. 2005), and has been shown to bind adjacent 

to a CTCF-bound insulator upstream of the human β-globin locus via its canonical 
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binding motif.  At this locus, Kaiso inhibits the enhancer blocking activity of CTCF.  

Alternatively, Kaiso can also bind methylated CpG sequences, which are typically 

bound by CTCF when unmethylated, to recruit repressive chromatin modifiers and 

silence expression of adjacent genes (Yoon et al. 2003; De La Rosa-Velazquez et al. 2007).  

CTCF function is also influenced by nuclear receptors, specifically the thyroid receptor 

(TR).  Activation of this receptor by thyroid hormone rapidly alters the enhancer 

blocking function of CTCF at the chicken β-globin locus, without evicting CTCF from 

DNA (Lutz et al. 2003).  Due to the paucity of TR recognition motifs around genome-

wide CTCF binding sites derived from ChIP-chip experiments (Weth and Renkawitz 

2011), the TR does not seem to generally influence CTCF-mediated enhancer blocking.  

However, as the sensitivity for detecting CTCF binding sites has increased with ChIP-

seq, this composite mechanism of nuclear receptor-CTCF insulation deserves further 

evaluation, especially near nuclear receptor-regulated gene loci. 

4.1.3. CTCF binding is correlated with transcriptional activation 

 Although CTCF binding is primarily thought to confer insulator activity to cis-

regulatory elements, significant evidence also implicates CTCF as a direct activator of 

transcription.  The first study to provide such evidence identified a CTCF binding site 

less than 100 bp upstream of the TSS of the amyloid beta-precursor protein gene as 

essential for its transcription (Vostrov and Quitschke 1997).  Three of the categories of 

CTCF-mediated genome loops, proposed by Handoko et al and discussed in Chapter 1, 

place CTCF binding sites adjacent to actively transcribed genes.  Disruption of these 

CTCF binding sites by RNA interference decreased the expression of several adjacent 

genes (Handoko et al. 2011).  A recent report profiling MYC, RNA Pol II and CTCF 

binding sites in 11 cell lines also related CTCF binding to transcriptional activation (Lee 

et al. 2012).  In this study, genes whose promoters were bound by CTCF had higher 
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expression than all other genes across all of the cell types studied.  Furthermore, 

combinatorial binding of CTCF with MYC and RNA Pol II was enriched at the 

promoters of genes involved in translation, RNA processing and biogenesis, suggesting 

a regulatory role, strongly suggesting that CTCF plays a role in activating the 

transcription of the genes.  However, it is important to note that these studies do not 

prove CTCF binding locations to be enhancers, and did not test any sequences bound by 

CTCF in enhancer reporter assays.   

4.1.4. CTCF contributes to the 3-D structure of the genome 

The previously mentioned report by Handoko et al offered the first 

comprehensive evidence of genome-wide CTCF-associated looping that links the 

insulating and activating functions of CTCF.   This seminal report described five 

chromatin domains in pluriportent cells, which were defined by interacting loci bound 

by CTCF, each with distinct patterns of histone post-translational modifications and 

gene expression.  These domains offer a model for how CTCF regulates gene expression: 

in activating contexts CTCF mediates loops that place promoters in contact with their 

enhancer elements, whereas in insulating contexts, CTCF loops separate promoters from 

their cis-regulatory elements.  Thus, the genome is able to regulate enhancer-promoter 

interactions and transcriptional specificity. 

4.1.5. Research objective 

Despite the impressive advances in our understanding of CTCF function in 

recent years, cell-type specific differences in CTCF function are still poorly understood.  

Although CTCF binding is relatively invariant compared to other transcription factors, 

such as MYC, across various cell lines (Heintzman et al. 2009; Lee et al. 2012), there are 

still tens of thousands of cell-type specific CTCF-DNA interactions including those that 

may impact AR transcriptional specificity, as revealed by the work reported in Chapters 
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2 and 3.  To understand the functional relevance of CTCF in cancer cells, we decided to 

analyze chromatin structure and gene expression after perturbing the expression level of 

CTCF.  Several groups have decreased CTCF expression in various cell line models 

using a variety of strategies (conditional knockout alleles, transient RNAi based 

approaches) to examine specific phenotypes such as looping at the beta globin locus or 

the expression of a few genes.  These studies have found changes in local chromatin 

looping as well as substantial transcriptional changes upon CTCF depletion.  However, 

the impact of CTCF depletion ion chromatin accessibility, DNA methylation, 3-D 

genome organization and gene expression has not been comprehensively analyzed, at 

least partially due to the difficulty of stably knocking down CTCF expression.  For our 

study we utilized a lentiviral system to obtain stable knockdown of CTCF in the MCF-7 

breast cancer cell line, which allowed for the propagation of cells such that we had 

enough material available for multiple assays.  In this chapter, we describe the initial 

results examining changes in chromatin accessibility and expression due to CTCF 

depletion. 

4.2. CTCF stable knockdown induces genome-wide changes in 
chromatin accessibility 

To assess the functional role of CTCF, we transduced MCF-7 cells with either an 

shRNA targeting the 3’ UTR of the CTCF transcript (Figure 38A, referred to as 

knockdown cells) or a non-targeting scrambled shRNA (referred to as “scrambled” cells) 

using a lentiviral delivery system.   After antibiotic selection, we confirmed that CTCF 

protein levels were appropriately depleted (Figure 38B), and propagated cells for 

DNase-seq analysis.  Two biological replicates, representing two independent 

knockdowns of CTCF, were processed independently and then combined to generate 
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the final chromatin accessibility data.  An example of the generated data is shown in 

Figure 38C. 

 

Figure 38: CTCF knockdown in MCF-7 cells. (A) shRNA target sequence 
within the CTCF gene (B) Western blot confirming ~90% knockdown of CTCF 

protein (C) Representative screen shot of CTCF ChIP-seq data from parental MCF-7 
cells, DNase-seq for two  biological replicates of MCF-7 transduced with non-

targeting scramble shRNA and two biological replicates of MCF-7 transduced with 
shRNA against CTCF.  Asterisks mark CTCF binding sites that appear to lose DNase-
seq signal wth CTCF knockdown.  # symbol indicates regions of increased chromatin 

accessibility with CTCF knockdown. 

We utilized edgeR (Robinson et al. 2010) to detect quantitative gains and losses 

in chromatin accessibility with CTCF depletion.  At an FDR threshold of 0.1%, this 

analysis identified 36,988 regions of decreased chromatin accessibility with knockdown 

(“lost regions”), and 6,263 regions of gained chromatin accessibility (“gained regions”).  

Gained regions were enriched at intergenic regions and depleted at promoters relative to 

all MCF-7 DHS sites (Figure 39, green bars).  In contrast, lost regions followed the same 

distribution relative to genic elements as that of all DHS sites and CTCF binding sites.  
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These CTCF binding sites were determined previously in MCF-7 cells from a different 

source (Song et al. 2011).  Of the 36,988 lost regions with CTCF knockdown, 29,295 

overlapped a CTCF ChIP-seq binding site, suggesting that loss of CTCF binding was a 

major contributor to loss of chromatin accessibility. 

 

Figure 39: Distribution of CTCF edgeR regions relative to genic elements.  
Regions identified by edgeR as having decreased chromatin accessibility with CTCF 

knockdown are illustrated in yellow.  Green bars represent regions of increased 
chromatin accessibility with knockdown.  Purple shows the distribution for all MCF-

7 DHS sites, and black shows where CTCF binding sites are relative to genes.   

Motif analysis was conducted to identify putative transcription factors associated 

with lost or gained chromatin accessibility with CTCF knockdown (Table 9, Appendix B) 

As expected, the top motif match in regions that lost chromatin accessibility with 

knockdown was that of CTCF.  Sequences consistent with the E-box motif, NFΚB, AP-2 

and YY-1 were also revealed.  As mentioned in Chapter 2, AP-2 has been implicated in 

long range looping mediated by the estrogen receptor in MCF-7 cells (Tan et al. 2011b).  

YY-1 is a known functional partner of CTCF in X-chromosome inactivation (Phillips and 

Corces 2009).  Three interesting motifs were enriched in regions of gained chromatin 

accessibility with CTCF knockdown: AP-1, FOXA1 and PBX1.  AP-1 has been shown to 

serve a placeholding function prior to glucocorticoid receptor activation (Biddie et al. 
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2011).  Both FOXA1 and PBX1 have been implicated as pioneer factors in multiple 

cellular contexts, including breast cancer (Lupien et al. 2008; Magnani et al. 2011).  The 

enrichment of these motifs suggests that these transcription factors may help maintain 

DNA accessibility in the setting of CTCF loss.   

Next, we asked whether DNA sequence could identify regions whose chromatin 

accessibility was dependent on CTCF.  We scanned the union set of DHS sites from 

knockdown and scrambled cells to identify sequences that most resembled the 20 bp 

consensus motif bound by CTCF, and assigned each match a score based on the degree 

of similarity.  For each CTCF motif match score, we plotted the negative logarithm of the 

p-value calculated by edgeR, which reflects the difference in chromatin accessibility 

between knockdown and scrambled cells.  By this method, regions whose DNase-seq 

signal changed the most with knockdown would be assigned the lowest values.  A clear 

negative correlation was observed between CTCF motif similarity and amount of change 

in chromatin accessibility (Figure 40A, Spearman rho  =0.65).  As a control, we repeated 

the same analysis for NRSF motifs in DHS sites.  As briefly mentioned in Chapter 1, 

NRSF is a transcription factor that has been characterized as binding repressive elements 

in neuronal cells, and is not affected at the expression level by CTCF knockdown 

(expression data discussed below).  NRSF matches displayed no correlation between 

motif similarity and change in DNase-seq signal (Figure 40B).   

 The next logical experiment was to assess the impact of CTCF knockdown upon 

CTCF binding across the genome.  We submitted ChIP-seq samples to answer this 

question several months ago, but technical difficulties have prevented us from getting 

results as of yet.  In the meantime, we attempted to use DNase-seq footprinting analysis 

to examine how CTCF depletion altered CTCF binding.  First, we visualized the 

aggregate DNase-seq signal around the strongest CTCF motif matches (Figure 40A).   
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Figure 40: Change in DNase-seq with CTCF knockdown as a function of CTCF 
binding sequence.  For the top 1% of CTCF (A) and NRSF (B) motif matches across the 
genome, the edgeR p-value is plotted as a function of PWM score.  The edgeR p-value 
represents the amount of change in DNase-seq signal at each PWM score with CTCF 

knockdown, with the higher p-values representing more change.  CTCF motif 
matches that most resemble the TRANSFAC consensus sequence (high PWM score) 

exhibit the least amount of change in chromatin accessibility with CTCF knockdown.  
As a control, NRSF motif matches experience minimal change in chromatin 

accessibility across the entire range of PWM match scores.    

Surprisingly, although the magnitude of DNase-seq signal around these motifs was 

decreased, a clear protection footprint was still visible, indicating that substantial CTCF-

DNA interactions were still occurring despite knocking CTCF protein levels down by 

over 90%.  A similar analysis around NRSF motif matches (Figure 40B) also revealed a 

slight decrease in DNase-seq magnitude, although not to the same degree as for CTCF.  

We believe this difference is not biologically based, but rather is related to our imperfect 

understanding of how to appropriately normalize DNaseI cleavage counts such that two 

aggregate plots from different experiments can be directly compared to each other.   

Our work with CENTIPEDE from Chapter 2 suggested that the algorithm is not 

well suited for predicting occupancy by transcription factors with subtle DNaseI  
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Figure 40: Chromatin accessibility signal around CTCF and NRSF motif 
matches in MCF-7 cells.  (A) DNaseI cleavage pattern around CTCF motifs in MCF-7 
cells transduced with scrambled control shRNA (orange) and CTCF shRNA (green).  

The overall signal is diminished with CTCF knockdown, although a protection 
footprint remains (B) DNaseI cleavage pattern around NRSF motifs shows very 

similar patterns and an intact protection footprint.  

protection profiles.  CTCF, in contrast, possesses a sizable footprint, both in terms of 

breadth and depth (Figure 17B).  Therefore, we reasoned that CENTIPEDE could better 

predict regions whose occupancy by CTCF was altered with knockdown.  Using high-

quality matches to the CTCF motif, we trained the CENTIPEDE model based on the 

DNaseI cleavage pattern around these motifs, and applied it to our DNase-seq data from 

the knockdown cell line as well as the control cell line with intact CTCF expression.  

Figure 41A illustrates a heatmap of the probability of being bound at each PWM match 

before and after CTCF knockdown.  An arbitrary probability threshold of 90% was used 

to designate a bound motif.  To confirm the accuracy of CENTIPEDE predictions, we 

first plotted the aggregate DNase-seq signal for regions predicted to be bound in the 

scrambled control cell line, but not in the CTCF knockdown cell line (Figure 41B).  In  
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Figure 41: CENTIPEDE identifies loss of CTCF footprints within DHS sites.  (A) 
Heatmap of the CENTIPEDE-calculated probability that CTCF is bound at a genomic 

region.  A probability greater than 99% is considered bound, all other probabilities 
are considered unbound.  A substantial proportion of CTCF motif-containing regions 
exhibit a decrease in the probability of being bound.  (B) Aggregate DNase-seq signal 

at regions where CENTIPEDE predicts loss of AR binding, centered at the CTCF 
motif.  A clear loss of the DNaseI cleavage protection is observed.   

aggregate, CENTIPEDE appeared to correctly classify regions that lost CTCF binding.  

The improved performance for CTCF binding prediction over the AR motif was 

confirmed by calculating the sensitivity of CENTIPEDE (Table 5), which was 63.1%.  

However, CENTIPEDE was observed to perform with lower specificity for CTCF 

binding, indicating that it incorrectly called more regions unbound by CTCF than it 

should have.     

The last piece of analysis that has been completed to date is exon microarray 

analysis to determine the impact of CTCF knockdown upon transcription in our model.  

Three paired biological replicates of knockdown and scrambled cells have been 

processed and analyze, which resulted in the identification of 98 genes whose expression 

was decreased at least 1.7 fold in response to CTCF knockdown, and 117 genes whose 

expression was increased by the same amount with knockdown.  Although we were 

able to identify several interesting visual patterns from the DNase-seq data around these  
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Table 5: CENTIPEDE predictions of CTCF occupancy 

Parameter Value 
True Positives 12,881 
False Positives 7,529 
True Negatives 25,937 
False Negatives 3,799 

Sensitivity 63.1% 
Specificity 87.2% 

 

genes, functional annotation of these lists by DAVID (Huang da et al. 2009) no common 

biological themes emerged.  Furthermore, we noticed that the dynamic range of our 

exon array data was quite limited; the largest fold change detected was a 5-fold increase 

in expression.  Significantly, in disagreement with our own quantitative PCR and 

western blot data, our microarray analysis suggests that CTCF knockdown only reduced 

its expression by 2.5 fold, which represents a 60% reduction in expression.  These 

observations are troubling, and have led us to pursue mRNA-seq as the platform for 

analyzing CTCF-mediated transcriptional changes.  

4.3. Discussion 
Although the analysis described in this chapter is preliminary, several significant 

findings are apparent.  Most significantly, we successfully achieved stable knockdown of 

CTCF expression, which is a technical feat in itself.  Profiling chromatin accessibility 

after CTCF depletion revealed genome-wide changes in chromatin structure that largely 

correspond to previously annotated CTCF binding sites in the same cell type.  

Additionally, we observed a relationship between DNA sequence and putative loss of 

CTCF binding, as inferred by changes in DNase-seq signal.  A very recent report 

suggested that the presence of an extended 34 bp recognition sequence conferred CTCF 

binding that was more resistant to CTCF knockdown by transient approaches (Schmidt 
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et al. 2012).  Our finding qualifies this further to suggest that even single base pair 

variation can impact the strength of CTCF binding in vivo.  Furthermore, we found that 

CTCF depletion may induce compensatory binding of other pioneer factors to maintain 

epigenomic structure.   

Our data also suggests that significant work remains to be done in order to 

optimize DNaseI footprint analysis.  The algorithm used to predict footprints, 

CENTIPEDE, utilizes a hierarchical Bayesian mixture model (Pique-Regi et al. 2011).  

Work from chapter 2 clearly indicates that this model did not perform well for subtle 

footprints, and we surprisingly found that it underperformed for factors with 

substantially deep and wide footprints as well.  Our research group is currently 

pursuing the optimization of transcription factor occupancy prediction, informed by the 

limitations we have uncovered 
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5. Summary and Future Directions 
The work described in this dissertation utilized quantitative changes in 

chromatin accessibility integrated with available transcription factor binding and 

expression data to analyze the function of three transcription factors: the AR, REV-

ERBα, and CTCF.  Overall, our results offer insight into the manner in which these 

factors interact with and alter the chromatin landscape.  Specifically, AR binding does 

not require the chromatin template to be in an open conformation prior to its activation.  

Rather, AR activation results in chromatin remodeling, which is correlated with its 

binding to the genome.  However, between approximately one-quarter to one-half of AR 

binding sites occur within regions of the genome that are in a poised conformation prior 

to hormone activation.  Functional analysis suggests a role for REV-ERBα in maintaining 

an open structure prior to hormone treatment, and also implicates REV-ERBα in AR-

mediated chromatin accessibility increases and subsequent increases in target gene 

transcription.   

As mentioned in Chapter 2.7, we noticed that the amount of AR binding 

occurring in regions of poised chromatin decreased with increasing time of hormone 

treatment.  This trend makes intuitive sense: upon initial activation and translocation to 

the nucleus, the receptor at first associates with accessible chromatin, triggering gene 

expression changes that subsequently induce chromatin remodeling over time.  A subset 

of these initial DNA interactions must remain important to the AR-activated 

transcriptional program, and thus we found that after 12 hours, approximately 25% of 

detected AR binding sites mapped to pre-accessible chromatin.  To prove the 

progression of chromatin remodeling and AR binding, we have recently initiated a time 

course study examining changes in chromatin accessibility after 45 minutes, 4 hours, and 

12 hours of R1881-induced AR activation.  Analysis of this data will provide more 
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definitive proof of the similarities and differences between the AR and GR-mediated 

transcriptional programs. 

Motif analyses implicate CTCF and SP1 in androgen-induced chromatin 

remodeling.  DNase-seq protection patterns suggest that at least subsets of loci that 

experience an increase in chromatin accessibility and contain the motifs of these factors 

are actually bound by them.  ChIP-seq experiments for CTCF binding before and after 

AR activation to validate our motif analysis have already been completed, but the final 

data analysis is pending.  SP1 binding validation by ChIP is also required.  If it is 

confirmed that regions that undergo chromatin remodeling are indeed bound by these 

factors, the next step will be to knock down expression of these factors in prostate cancer 

cell line models and analyze the resultant impact on chromatin accessibility, AR binding 

and AR-mediated transcriptional changes.  It is important to note that these motifs 

would not have been uncovered by analysis of sequences around AR binding sites 

alone, highlighting the utility of quantitative DNase-seq analysis. 

We were also able to explore the role of CTCF in an alternative cancer cell line 

model.  The data obtained so far clearly demonstrate that CTCF is a major mediator of 

chromatin accessibility at cis-regulatory elements, but leave much to be uncovered.  We 

are currently awaiting the results of several experiments.  The most important is CTCF 

ChIP-seq in CTCF knockdown cells to identify which regions actually lose CTCF 

binding, and how loss of binding correlates with changes in chromatin accessibility.  

Second, we have submitted samples for transcriptome sequencing to clarify the impact 

of CTCF knockdown on gene expression.  Our exon microarray data were 

underwhelming in terms of the amount of changes in transcription observed, and 

transcriptome sequencing offers a more dynamic and sensitive platform to evaluate the 

role of CTCF in gene expression.  Third, a recent report showed that CTCF binding is 
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sufficient to induce local demethylation of CpG dinucleotides in mouse embryonic stem 

cells (Stadler et al. 2011).  To extend this observation into human cells and better 

understand the dynamic interplay between CTCF and methylation, we are generating 

RRBS methylation data (see Appendix D for description) for MCF-7 cells before and 

after CTCF knockdown.  Finally, because of the known role that CTCF plays in genome 

organization, we are generating 5C (see Appendix D) data to identify chromatin loop 

structures that are CTCF-dependent.  These experiments together will offer a powerful 

resource for cataloguing how CTCF impacts chromatin structure and gene expression. 

Importantly, CTCF is dysregulated in a small subset of prostate and breast 

cancers.  It was first noted in 1998 that the genomic location of CTCF, 16q22.1, is one of 

the smallest regions of overlap for common deletions in prostate and breast cancers 

(Filippova et al. 1998).  Subsequent analyses have not clearly established that CTCF is the 

relevant gene product within this region of genomic loss.  However, in the most 

comprehensive sets of copy number changes to date, the Cancer Genome Atlas research 

effort has identified homozygous deletion of CTCF in 2% of invasive breast carcinomas.  

 CTCF deletion has not been observed in prostate tumors, however within a 

cohort of 85 prostate tumors, one case of CTCF amplification was detected (data 

obtained from http://www.cbioportal.org/public-

portal/index.do?cancer_study_id=prad_mskcc (Cerami et al. 2012)).  Insights gained 

from the integrated chromatin analyses we are pursuing will help understand the 

significance of CTCF dysregulation in these tumors.   

Finally, the framework of analysis developed in this dissertation offers tools to 

interrogate the impact of therapeutic agents in cancer, especially prostate and breast 

cancer, which are notably dependent on nuclear receptor function.  Despite the much-

deserved excitement over newly approved agents targeting the AR in prostate cancer, 
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these therapies are still not curative.  Experiments that treat cell line models with these 

agents, such as MDV3100 or abiraterone acetate, and examine the impact upon AR-

induced chromatin accessibility, AR binding and gene expression could identify cis-

regulatory elements and the transcription factors utilizing them in order to resist 

therapy.  Additionally, our system can be used to evaluate antagonists of REV-ERBα as 

therapeutic agents in prostate cancer.   
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Appendix A – Methods 
Cell Culture 

LNCaP cells were obtained from ATCC.  For experiments described in Chapter 2, cells 

were maintained as described at the UCSC ENCODE site 

(http://genome.ucsc.edu/ENCODE/protocols/cell/human/LNCaP_Crawford_protoc

ol.pdf).  Prior to treatment 1 nM R1881 (methyltrienolone) or vehicle (ethanol) for 12 

hours, cells were grown in RPMI-1640 media containing 10% charcoal-dextran stripped 

serum and the anti-mycobacterial agent Plasmocin for 60 hours.   

To synchronize circadian rhythms prior to REV-ERBα knockdown, LNCaP cells were 

serum shocked for 2 hours in 50% serum. 

MCF-7 cells were grown according to ATCC instructions.   

 

CTCF knockdown 

CTCF knockdown was achieved using a lentiviral expression system that introduced an 

shRNA targeting an intronic sequencing with the CTCF messenger RNA. 

 

DNase-seq library generation and analysis 

DNase-seq was performed as previously described (Song and Crawford 2010; 

Song et al. 2011). Briefly, either 10x10^6 LNCaP cells or 40x10^6 MCF-7 cells were 

harvested for each condition (+/- androgen, +/- RevErb-α knockdown, +/- CTCF 

knockdown). Nuclei were extracted and digested with optimal concentrations of DNaseI 

enzyme. After confirmation of adequate digestion, DNaseI-digested ends were blunt 

ended, and a biotinylated linker was ligated to these ends. Fragments with linker 

attached were isolated, digested with MmeI, and captured using streptavidin-

conjugated magnetic beads. A second linker was ligated to the MmeI-digested end, and 
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then the fragments were amplified and subsequently purified via gel electrophoresis. 

These sequencing libraries were sequenced on either the Illumina GAIIx or HiSeq 

sequencing platform. Several biological replicates were processed for each cell growth 

condition. Sequencing results were aligned to the human reference genome (NCBI Build 

37) using BWA (Li and Durbin 2009). Alignments were filtered to remove problematic 

repetitive regions such as alpha satellites and PCR artifacts characterized by many 

sequences mapped to small genomic locations. Biological replicates were compared for 

reproducibility, and then combined.  Any replicates found to be discordant from other 

biological replicates were not added into the combined, final DNase-seq data set.  Final 

base-pair resolution signal to reflect chromatin accessibility was generated using F-seq 

(Boyle et al. 2008b). Discrete peaks were called by fitting DNase-seq signal data to a 

gamma distribution and then determining the signal value that corresponded to a p-

value < 0.05. Gene-relative categories were defined as previously described (Song et al. 

2011). DNase-seq data from this dissertation is available on the UCSC Genome Browser 

(http://genome.ucsc.edu; [(Kent et al. 2002)]).   

 

Identification of increases and decreases in DNase-seq signal 

To determine regions of significant change in DNase-seq signal with androgen 

induction, we used the edgeR bioconductor package (Robinson et al. 2010). The edgeR 

package is designed to detect differences in count data among groups of samples 

containing biological and technical replicates. Prior to running the algorithm, we defined 

windows in which to compare DNase-seq signal across replicates by first taking the 

union set of all identified DHS sites in both LNCaP and LNCaP-induced cells.  

This approach allows for inclusion of regions that contain an increase or decrease 

in DNase-seq signal such that they cross the threshold defining a DHS site. The defined 
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union set was then divided into overlapping windows of 300 bp. DHS regions smaller 

than the window size were expanded to the window size. Regions larger than the 

window size were tiled with overlapping windows, where the overlap varies, 

depending on the size of the hypersensitive region to tile. We start by finding the 

number of windows that would fit completely inside the defined DHS site using the 

default overlap. If these windows discard fewer than 10% of the bases on each edge of 

the DHS site, we tile the site using these windows. If using the default overlap would 

cause us to lose more than this edge threshold, we add another window and adjust the 

overlap so that the windows exactly cover the entire DHS region. We find that these 

windows cover almost all of the DHS bases in the original, while minimizing the 

number of non-DHS bases considered for the downstream analysis. Our approach 

created ~550,000 windows for differential analysis among five replicates (3 LNCaP, 2 

LNCaP-induced). The number of tags mapping to each window in each replicate were 

extracted, and regions with a sum total of less than five reads were eliminated. We then 

used edgeR to call windows with significantly different counts in each pairwise 

comparison at two thresholds: strict (false discovery rate < 0.05) and loose (unadjusted 

p-value < 0.05). Finally, neighboring windows that were identified as having a 

significantly higher DNase-seq signal in a condition were merged. To generate a 

normalized differential tag count for regions, the number of DNase-seq tags within each 

LNCaP and LNCaP-induced DHS region was determined and normalized to the 

average number of tags in either all LNCaP or LNCaP-induced DHS site. For each of the 

175,796 union DHS regions, the normalized number of tags in LNCaP in the region was 

subtracted from the normalized number of tags In LNCaP-induced to give the 

differential tag score for each region. 
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RNA Expression Analysis 

RNA expression in response to androgen induction in LNCaP was analyzed 

using both exon microarrays and mRNA-seq. Total RNA was extracted using trizol from 

the same cell growth as used for DNase-seq and hybridized to Affymetrix Exon 1.0 ST 

arrays using a standard protocol. Resulting .CEL files were summarized into expression 

measures at the gene-core level using Affymetrix Power Tools and RMA (Irizarry et al. 

2003). Differential expression upon androgen induction was determined using the 

Statistical Analysis of Microarray (SAM) bioconductor package (Tusher et al. 2001). Two 

biological replicates were processed for exon array analysis. 

RNA for use in mRNA-seq was isolated from three independent growths of 

LNCaP +/- androgen using the Ambion miRVANA miRNA isolation kit. Induction of 

canonical AR target gene expression was confirmed by qPCR, and RNA quality was 

verified using an Agilent Bioanalyzer. All RNA used for subsequent library preparation 

had an RNA Integrity Number greater than 9.0. mRNA-seq libraries were created using 

the Illumina mRNA-seq protocol and kit then sequenced on the Illumina GAIIx 

platform. Resulting sequence data was aligned to the human reference genome (NCBI 

Build 37) first using BWA (Li and Durbin 2009). Reads unaligned by BWA were 

independently aligned with TopHat (Trapnell et al. 2009) to only known and annotated 

splice junctions.  The results combined and filtered to remove non-unique reads. 

Technical replicates were merged such that three biological replicates (+/- androgen) 

were available for subsequent analysis. The RPKM (reads per kilobase mapped) 

expression measure was computed for each RefSeq gene model in each replicate, leaving 

out tags mapping to the 3’ UTR of genes (Ramskold et al. 2009). To identify RefSeq genes 

differentially expressed between LNCaP and LNCaP-induced cells, we first counted the 
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number of mRNA-seq tags that fell within exons of RefSeq gene models in each 

biological replicate, resulting in a tag count value for each gene. We then used the edgeR 

bioconductor package to detect genes whose expression differed with AR activation, 

FDR < 0.05.  mRNA-seq data from this study is available through the NCBI GEO website 

at accession number GSE34780. 

 

Correlation of ΔDNase increases and decreases with expression increases and decreases. 

To establish the relationship between differential chromatin and differential expression, 

we tested for significance in overlap in both directions, i.e., we tested if ΔDNase regions 

tend to be located near differentially expressed genes, and then tested if differentially 

expressed genes tend to have a ΔDNase region nearby. We first assigned each DHS site 

to its nearest gene and intersected these nearest genes with each AR-regulated gene set 

(AR mRNA-seq upregulated, AR mRNA-seq downregulated, and four sets from Massie 

et al (Massie et al. 2011): Massie early up, Massie early down, Massie late up, Massie late 

down). We calculated the significance of the ΔDNase association to differentially 

regulated genes by permuting the set of all RefSeq genes 100,000 times, randomly 

selecting the number of genes for each comparison, and intersecting those random sets 

with the genes related to AR-induced expression changes. This established a null 

distribution of overlaps in random intersects. We also conducted the same analysis in 

the opposite direction to relate expression changes ΔDNase regions. Using the UCSC 

knownGene table, we merged all isoform coordinates for each gene and found all 

ΔDNase increase or decrease sites within a surrounding 20 kb window. We calculated 

pairwise overlaps of ΔDNase sites between each ΔDNase increase or decrease list and 

these lists of all nearby ΔDNase sites. If a gene contained a ΔDNase site within 20kb, it 
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was counted as a match. We then permuted genes located all nearby DHS sites 1,000 

times, and tested for overlap to create a null distribution of overlap count.  

 

Androgen Receptor ChIP-seq 

AR ChIP-seq data was obtained from accession numbers GSE14097 and 

GSE28126 through the NCBI Gene Expression Omnibus portal 

(http://www.ncbi.nlm.nih.gov/projects/geo/). GSE28126 was recently published 

(Massie et al. 2011) as part of a study identifying AR ChIP-seq peaks in LNCaP cells after 

4 hours of 1 nM R1881 stimulation. GSE14097 (Yu et al. 2010) contains AR ChIP-seq data 

from LNCaP cells treated with either 10 nM R1881 for 16 hours or vehicle for the same 

length of time. Coetzee AR ChIP-seq was conducted after four hours of either 10 nM 

DHT or ethanol treatment of LNCaP cells (Berman et al. 2010; Andreu-Vieyra et al. 

2011). Raw sequence files were processed through the same pipeline as our DNase-seq 

data (Boyle et al. 2008b) to obtain aligned sequences. MACS (Zhang et al. 2008) was used 

with default parameters to identify regions of significant AR ChIP enrichment in 

LNCaP-induced relative to LNCaP. To generate the common AR peaks list, we 

intersected the peak calls from the two data sets, considering peaks to be overlapping if 

they intersect by at least one base pair.  

 

Self-Organizing Map (SOM) 

To identify DHS sites specific to our two cell types, we used a self-organizing 

map (SOM) built from DNase-seq data generated by our group from 113 lines (Kohonen 

1990). Self-organizing maps are artificial neural networks that learn patterns in data by 

iteratively assigning data points to cluster centers. The SOM eventually assigns each 

DHS site to a cluster with the most similar hypersensitivity profile. We are using SOMs 

to characterize DNaseI hypersensitivity profiles across over one hundred cell lines (N. 
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Sheffield et al, in preparation). For this analysis, we were interested in clusters specific to 

LNCaP cell lines. We first built a data matrix by counting the number of reads mapping 

in each peak region in each cell type. We quantile-normalized the scores by cell type and 

then capped them at the 99th quantile (by setting the top 1% of scores to a maximum 

value), and then row-scaled the scores to a decimal between 0 and 1. After 

normalization, capping, and scaling, we built an SOM using the kohonen package in R. 

This SOM used a hexagonal 50x50 grid (for 2500 total nodes). We then took each node 

and selected the 50 regions closest in distance to the node center, and submitted these to 

MEME for de novo motif analysis (Bailey et al. 2009). We then matched these motifs to 

publicly available DNA binding motifs in TRANSFAC 7.0 (Matys et al. 2006) and 

JASPAR 2010 (Portales-Casamar et al. 2010) using STAMP (Mahony and Benos 2007). 

 

Motif Analysis 

To determine motif enrichment in regions of interest we utilized used three 

algorithms: MEME, cERMIT (Georgiev et al. 2010), and CentDist (Zhang et al. 2011b).  

MEME and cERMIT report identified DNA motifs not matched to known motifs. If 

MEME was run on regions falling within DHS sites (all but analysis in Figure 3E), we 

used a 1st order background model common to DHS sites.  cERMIT was run using 

ΔDNase p-value as evidence for directing motif analysis.   CentDist identifies motifs 

enriched within a region and ranks them relative to their distribution within each 

region, reporting publicly available motifs that are found in regions. Motifs identified in 

Figures 2 and 3 were identified in at least two of these algorithms. If a motif was 

reported as enriched by MEME and cERMIT, it was included in our results if its match 

to publicly known motifs, determined by STAMP or TomTom (Gupta et al. 2007) was 

significant (E < 0.05).  Results from CentDist are shown in Supplemental Table 3.  
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AR Footprint Analysis 

To generate an aggregate plot of DNase-seq signal around AR motifs, we 

scanned DHS regions containing AR binding sites using a 1st order log likelihood 

scanner using a slightly modified AR position weight matrix (PWM) from the JASPAR 

database. The MA0007.1 matrix was trimmed by discarding low information base pair 

positions surrounding positions 4-18, resulting in a 15 bp PWM. PWM motif scores that 

scored lower than the 90th percentile of all match scores were discarded. DNase-seq 

reads mapping to each base at the motif site and surrounding 100 base pairs were 

collected and the sum of each position was calculated.  

For cluster correlation analysis, the k-means algorithm (Hartigan and Wong 

1979) was run 100 times to yield k times 100 cluster centers, where each cluster center is 

a vector of values of length 31 (clustering was performed on DNase-seq signal mapping 

to 15bp on both sides of center of AR motif). Cluster centers from one run i to all other 

runs (1, … ,i-1,i+1, … ,100) were compared. Each cluster center from a single run was 

matched to another cluster center in another run in a pairwise manner that identifies 

maximum correlation; this procedure was performed across all pairs of runs to assess 

the similarity and reproducibility of results over multiple runs of the algorithm. 

For aggregate visualization of clusters, we tabulated DNase-seq tag counts 100 

base pairs around AR PWM matches classified into each cluster within “R1881 intersect” 

ChIP peaks that were DHS in both LNCaP-induced and LNCaP. MEME was used to 

search for de-novo motifs 25 base pairs up and downstream from PWMs classified into 

each cluster. TomTom was used to match significant motif matches to publicly available 

motifs (E < 0.05). 
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Appendix B – CentDist enriched motifs 
 

Table 6: Selected motifs enriched within ΔDNase regions out of the top 50 
significant motifs detected for each set by CentDist. 

Strict ΔDNase 
Increase 

   

Rank Name Logo Score 
1 V$AR_01  53.32 

 
3 V$jaspar_Foxa2  34.38 

 
4 V$HNF3ALPHA_Q6 

 
 33.55 

5 V$jaspar_NFIC 
 

 17.66 

15 V$AP1_Q4 
 

 7.77 

34 V$GATA1_04 
 

 5.73 

36 V$jaspar_TAL1__TCF3 
 

 5.59 

39 V$jaspar_YY1 
 

 5.31 

41 V$OCT1_Q6 
 

 5.14 

50 V$NKX3A_01 
 

 4.64 

Loose 
ΔDNase 
Increase 

   

1 V$AR_01 
 

 82.99 

2 V$HNF3ALPHA_Q6 
 

 69.53 

3 V$DBP_Q6 
 

 28.91 

4 V$NF1_Q6 
 

 28.83 

5 V$AP1_C 
 

 26.91 

11 V$MAF_Q6_01 
 

 19.52 

30 V$OCT1_B 
 

 10.29 

33 V$STAT_01  9.99 

38 V$GATA1_04  9.67 
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42 V$PBX1_01 

 
 9.07 

Loose 
ΔDNase 

Decrease 

   

1 V$AP2_Q6_01 
 

 11.86 

3 V$jaspar_PLAG1 
 

 11.25 

10 V$KROX_Q6 
 

 8.79 

13 V$jaspar_NFKB1 
 

 8.16 

23 V$AP4_Q6_01 
 

 5.99 

 

 
Table 7: CentDist motif analysis for ΔDNase regions with and without AR binding as 

well as AR binding regions with minimal DNase-seq signal. 

Strict ΔDNase 
Increase with AR 

binding peak 

   

Rank Name Logo Score 
1 V$AR_01 

 
 49.00 

3 V$HNF3ALPHA_Q6 
 

 25.18 

5 V$DBP_Q6 
 

 14.50 

6 V$jaspar_NFIC 
 

 13.34 

17 V$jaspar_AP1 
 

 6.45 

Strict ΔDNase 
Increase with no 
AR binding peak 

   

2 V$HNF3ALPHA_Q6 
 

 24.18 

3 V$AR_01 
 

 22.94 

5 V$jaspar_NFIC 
 

 11.77 

8 V$AP1_01 
 

 7.86 

9 V$jaspar_SRY  7.41 



 

117 

1

17 

 
Loose ΔDNase 

Increase with AR 
binding peak 

   

1 V$AR_01 
 

 79.01 

3 V$HNF3ALPHA_Q6 
 

 50.31 

4 V$jaspar_FOXA1 
 

 50.03 

5 V$jaspar_NFIC 
 

 27.85 

6 V$DBP_Q6 
 

 21.62 

Loose ΔDNase 
Increase with no 
AR binding peak 

   

1 V$jaspar_CTCF 
 

 55.92 

2 V$jaspar_FOXA1 
 

 54.39 

4 V$AR_01 
 

 42.12 

6 V$jaspar_NFIC 
 

 28.52 

7 V$AP1_C 
 

 24.19 

AR binding, 
negligible 
DNase-seq 

signal 

   

1 V$AR_01 
 

 30.87 

2 V$HNF3ALPHA_Q6 
 

 15.42 

3 V$GATA6_01 
 

 5.19 

4 V$DBP_Q6 
 

 5.18 

7 V$NRF2_Q4 
 

 4.32 
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Table 8: CentDist analysis of Δ  regions for REV-ERBα  

siCtrlΔR1881 
Androgen-
mediated 
increases, 
intact REV-

ERBα  

   

Rank Name Logo Score 
2 V$OCT1_04 

 
 

8.88 

5 V$AR_01 
 

 

6.99 

11 V$EVI1_04 

 

5.73 

13 V$YY_01 
 

 

5.71 

17 V$PBX1_02 
  

5.54 

siRevΔR1881 
Androgen-
mediated 
increases, 

depleted REV-
ERBα  

   

Rank Name Logo Score 
2 V$OCT1_04 

 
 

10.19 

6 V$EVI1_04 

 

6.79 

21 V$AR_01 
 

 

4.45 

24 V$YY1_01 

 

4.33 

28 V$PBX1_01 
 

 

3.87 

NDΔsiREV 
No androgen, 

REV-ERBα  
knockdown 

   

Rank Name Logo Score 
8 V$GATA6_01 

 

6.38 
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14 V$PPARG_03 

 
5.66 

17 V$OCT4_02 
 

 

5.51 

19 V$NKX3A_01 
 

5.34 

21 V$jaspar_NR1H2_RXRA 

 
5.25 

R1881ΔsiREV 
Androgen, REV-

ERBα  
knockdown 

   

3 V$NKX61_01 
  

8.32 

4 V$EVI1_04 
 

 

8.14 

5 V$OCT1_04 
 

 

7.90 

18 V$PBX1_02 
 

 

7.86 

24 V$DR4_Q2 

 

4.27 

ΔΔREV: REV-
ERBα  

potentiates AR-
induced 

remodeling 

   

1 V$jaspar_SP1 
 

 

17.71 

2 V$HNF3ALPHA_Q6 
 

 

15.82 

3 V$jaspar_Foxa2 
 

 

15.04 

7 V$AP2_Q6_01 
  

14.29 

12 V$MYOGENIN_Q6 
  

10.70 

ΔΔREV: REV-
ERBα  inhibits 
AR-induced 
remodeling 

   

8 V$GR_01 
 

 

5.95 
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12 V$OCT4_02 
 

 

5.50 

18 V$jaspar_CTCF 
 

 

4.74 

22 V$T3R_Q6 
 

 

4.58 

33 V$KAISO_01 
 

 

4.19 

 
 

 

 

 

Table 9: CentDist analysis of CTCF lost and gained regions 

Regions of 
chromatin 

accessibility 
loss with CTCF 

knockdown 

   

Rank Name Logo Score 
1 V$jaspar_CTCF 

  
285.31 

3 V$TAL1_Q6 
 

59.88 

5 V$AP2_Q3 
  

39.25 

6 V$AP4_01 
  

35.77 

17 V$jaspar_NFKB1 
  

29.08 

2 V$YY1_02 
  

21.28 

3 V$jaspar_RUNX1 
  

22.94 

5 V$jaspar_ESR1 
  

21.19 

8 V$SMAD4_Q6 
  

20.92 

34 V$NRSF_Q4 
 

19.97 
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35 V$jaspar_NFIC 
  

19.70 

Regions of 
chromatin 

accessibility 
gained with 

CTCF 
knockdown 

   

1 V$jaspar_AP1 
  

83.06 

2 V$AP1_C 
  

81.05 

7 V$jaspar_FOXA1 
  

30.24 

8 V$HNF3_Q6 
  

29.51 

14 V$PBX1_01 
  

14.15 

22 V$jaspar_RORA_1 
  

9.97 

30 V$OCT4_02 
 

8.47 

31 V$AP2ALPHA_02 
 

8.42 
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Appendix C – Expression Analysis  
Table 10: AR-regulated genes identified by mRNA-seq 

Upregulated Downregulated 
STEAP4 MYOF AMIGO2 COL16A1 
SLC38A4 LRIG1 FFAR2 GUSBP1 
CCDC141 SLC45A3 SLC6A20 SOX11 
ORM1 BHLHA15 ABCA1 ADRA2C 
HPGD CDH5 MAN1A1 LRRC4C 
FKBP5+ 
LOC285847 

PNLIPRP3 LRRN1 SPTLC3 

ORM2 PER1 DAB1 MGAT3 
SGK1 PRKCA CCDC83 HOXC12 
F5 MICAL1 PLD1 ZBTB43 
SLC2A3 ANGPT2 SLC30A10 HOXB5+LOC404266 
NPPC JAM3 SSTR5 GPR63 
SLC26A3 LRRFIP2 ST6GALNAC5 RTN4RL1 
C9orf66+DOCK8 FAM107A OPRK1 TRIB1 
TMEM100 ODC1 IL1RN SRGAP3 
NCAPD3 RFX6 NR4A2 SRMS 
TMCC3 CYP11A1 CXCR7 CERK 
SNAI2 MERTK HEPACAM HOXA3 
OR5B2 KRT8 MPP1 APOL4 
KLK2 SLC35F2 ADRA1A FAM198A 
MAF NKX3-1 CXorf36 ZIC2 
TGM2 ST6GALNAC1 SLC5A1 ALX4 
CTNNA2 FOXD4 C1orf127 HOXA5 
SDR9C7 CAMKK2 HOXC9 MID1 
ERRFI1 KLHL29 SLC7A5 TRIM29 
PNLIP KLK3 C10orf81 TSLP 
EAF2 GNMT PTPRB MCTP1 
ALPK2 LOX HOXA11-AS ANKRD16 
PLA2G4E ANK1 SYTL2 ABCG1 
PTGER4 TUBA3E LHX9 RASL11A 
FAM105A SPDEF PMP22 BEST1 
CSGALNACT1 UGT2B28 BDKRB2 LOC100499467 
MAK MYBPC1 RFX3 COL9A2 
EMP1 IQGAP2 TGM3 COL5A2 
SPOCK1 CDC42EP3 PAX1 KRT20 
CXCR4 SPHAR TINAGL1 MYT1 
LIFR PPAP2A OSR2  
CYP2U1 SOCS2 NOV  
TG APPBP2 HEPN1  
NDRG1 LONRF1 C1QTNF6  
SDK1 CBLL1 CD200  
TBX15 SORD BMF  
C16orf61+CENPN RAB4A COL3A1  
KLF5 ASIP HOXA11  
RHOU TRIM36 LOC100271702  
PTCRA HOMER2 CCNO  
AKAP12 IRS2 TNFSF15  
LOC100287227+ 
TIPARP 

INPP4B CBLN2 
 

AMA1 PTPRM WNT2B  
LAT2 ATRNL1 KCNK5  
ACSL3 CBWD1 RNF43  



 

123 

1

23 

PKP1 GADD45G TGM6  
PAK1IP1 FZD5 ZNF703  
SLC15A2 PGC RASSF5  
CHRNA2 HMGXB3+TIGD6 PRSS23  
TMPRSS2 CADPS2 HOXC8  
TARP WNT7B CSRNP3  
TNFAIP8 TMEM79 PKIB  
SGK223 SMS SAMD4A  
ADH1C CDYL2 KLHL32  
MUM1L1 KRT18 FAM198B  
C3orf58 SYNJ1 GRB10  
NAT1 TPD52 FYN  
STK39 TBC1D8 NDP  
ELL2 C17orf48 PLA2G2F  
MBOAT2 NDFIP2 TSHZ3  
MTMR9 C6orf81 GRAMD1C  
TUBA3D TBRG1 CDH26  
STK17B KCTD3 LIPH  
PMEPA1 LOC344595 WSCD1  
SLC41A1 ACAD8 EDN2  
PIK3AP1 C1orf26 ABCA12  
XKR5 F2RL1 HOXB6  
MOGAT2 HMGCR C21orf128+UMODL1  
DSC1 LPAR3 HOXC13  
ATAD2 SEPP1 NFATC2  
IQUB ABHD2 FAM184B  
NBL1 NFKBIA NTN4  
MALT1 SAT1 CACNA1G  
SLC16A6 CLDN8 DGKH  
IGF1R ANKH VWA2  
ELOVL7 PPFIBP1 TERC  
GNB4 CYTH1 ROR2  
CACNG4 ABCC1 TULP4  
RUNX1 RAB3B C20orf197  
GRIN3A UBE2J1 TMEM144  
ELOVL2 VGF LRIG3  
C1orf113 FGD4 CNGA1  
NNMT TBC1D1 TLE3  
KRT19 C1orf21 CD55  
ABCC4 PACS1 C17orf103  
DBI APLN LOC286367  
TNFAIP3 FAM174B MANEA  
NR4A1 ALDH1A3 C2orf54  
RMRP RNU12 ARPM1  
CDK6 TRPM8 ABP1  
WWTR1 SNORD88C NCOA7  
REP15 ZBTB10 LRRTM3  
HERC3 CROT C5orf30  
MPHOSPH9 FRYL ABTB2  
KLRC2 ORC5 ARHGAP20  
WIPI1  FAM19A2  
SLC39A10  SCGBL  
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Table 11: Comparison of mRNA-seq results to previously published microarray data 

Gene mRNA- 
seq 

No. of 
studies 

Exon Mendiratta Febbo DePrimo Nelson Velasco Norris Heemers Li 

FKBP5+ 
LOC285847 

Yes 8 Yes Yes Yes Yes Yes Yes Yes No Yes 

NDRG1 Yes 7 No Yes Yes Yes Yes Yes Yes No Yes 
KLK3 Yes 7 Yes Yes Yes Yes Yes Yes No No Yes 
KLK2 Yes 7 Yes Yes Yes No Yes Yes Yes No Yes 
ELL2 Yes 6 Yes Yes No Yes Yes Yes No No Yes 
ABCC4 Yes 6 Yes Yes Yes Yes Yes No No No Yes 
ALDH1A3 Yes 6 Yes Yes Yes Yes Yes No No No Yes 
TMPRSS2 Yes 6 Yes Yes No Yes Yes No Yes No Yes 
RAB4A Yes 5 Yes Yes Yes Yes No Yes No No No 
DBI Yes 5 Yes No No No Yes Yes Yes No Yes 
LRIG1 Yes 5 Yes No Yes Yes No No No Yes Yes 
HERC3 Yes 5 Yes No No Yes Yes Yes No No Yes 
HMGCR Yes 5 No Yes No Yes No Yes Yes No Yes 
NKX3-1 Yes 5 Yes Yes No Yes No No Yes No Yes 
CAMKK2 Yes 5 Yes Yes Yes No Yes No No Yes No 
APPBP2 Yes 5 No Yes Yes Yes Yes No No No Yes 
SPHAR Yes 4 No Yes Yes No No Yes No No Yes 
STK39 Yes 4 Yes Yes Yes No No No No No Yes 
ACSL3 Yes 4 Yes Yes No Yes No No No No Yes 
CXCR7 Yes 4 No No No Yes No Yes Yes No Yes 
FAM105A Yes 4 Yes Yes No Yes No No No No Yes 
ANKH Yes 4 Yes No No Yes Yes No No No Yes 
LIFR Yes 4 No No No Yes Yes Yes No No Yes 
SEPP1 Yes 4 Yes No Yes No Yes No No No Yes 
PPAP2A Yes 4 No Yes Yes No Yes No No No Yes 
IQGAP2 Yes 4 No Yes No Yes Yes No No No Yes 
UBE2J1 Yes 4 No Yes No Yes No No No Yes Yes 
GRB10 Yes 4 Yes No No Yes No Yes No No Yes 
MTMR9 Yes 4 Yes Yes No Yes No No No No Yes 
TPD52 Yes 4 No Yes No Yes Yes No No No Yes 
NCAPD3 Yes 4 Yes Yes No No No No Yes No Yes 
ABHD2 Yes 4 Yes Yes No Yes No No No No Yes 
MAF Yes 4 No No Yes Yes Yes No Yes No No 
C16orf61 
+CENPN 

Yes 4 No Yes No Yes No No Yes No Yes 

PTPRM Yes 4 No Yes Yes Yes No No No No Yes 
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RAB3B Yes 3 Yes Yes No No No No Yes No No 
F5 Yes 3 No No No No No No Yes Yes Yes 
RHOU Yes 3 Yes No No No No No Yes No Yes 
MBOAT2 Yes 3 No Yes No Yes No No No No Yes 
ODC1 Yes 3 No Yes No Yes No No No No Yes 
MERTK Yes 3 No No No Yes Yes No No No Yes 
FZD5 Yes 3 Yes No No No No No Yes No Yes 
INPP4B Yes 3 Yes No No No Yes No No No Yes 
C5orf30 Yes 3 Yes No No Yes No No No No Yes 
TNFAIP8 Yes 3 No Yes No Yes No No No No Yes 
TULP4 Yes 3 No Yes No Yes No No No No Yes 
LONRF1 Yes 3 Yes No No Yes No No No No Yes 
ATAD2 Yes 3 No Yes No Yes No No No No Yes 
ORM1 Yes 3 No Yes No No Yes No Yes No No 
SAT1 Yes 3 No Yes No Yes No No No No Yes 
SYTL2 Yes 3 Yes Yes No No No No No No Yes 
SLC35F2 Yes 3 Yes Yes No No No No No No Yes 
TBRG1 Yes 3 Yes No No Yes No No No No Yes 
KRT8 Yes 3 No No No Yes Yes No No No Yes 
MPHOSPH9 Yes 3 No Yes No Yes No No No No Yes 
NFKBIA Yes 3 No Yes No Yes No Yes No No No 
SORD Yes 3 No Yes No No Yes No No No Yes 
ABCC1 Yes 3 No Yes Yes No No No No No Yes 
MALT1 Yes 3 Yes Yes Yes No No No No No No 
PMEPA1 Yes 3 Yes Yes No No No No Yes No No 
ERRFI1 Yes 2 Yes No No No No No No No Yes 
C1orf21 Yes 2 No No No Yes No No No No Yes 
SLC45A3 Yes 2 Yes No No No No No No No Yes 
SLC41A1 Yes 2 Yes No No No No No No No Yes 
KCTD3 Yes 2 No No No Yes No No No No Yes 
IL1RN Yes 2 No Yes No No No No Yes No No 
STK17B Yes 2 Yes No No No No No No No Yes 
LRRN1 Yes 2 Yes No No No No No No No Yes 
LRRFIP2 Yes 2 No Yes No Yes No No No No No 
EAF2 Yes 2 No Yes No No No No Yes No No 
SLC15A2 Yes 2 Yes No No No No Yes No No No 
WWTR1 Yes 2 No No No No No No Yes Yes No 
PLD1 Yes 2 Yes No No No No No Yes No No 
TBC1D1 Yes 2 No Yes No Yes No No No No No 
HPGD Yes 2 No No No No Yes No Yes No No 
PTGER4 Yes 2 No No No No No No Yes Yes No 
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ELOVL7 Yes 2 No No No Yes No No No No Yes 
F2RL1 Yes 2 No Yes No Yes No No No No No 
TRIM36 Yes 2 Yes No No No No No No No Yes 
MAK Yes 2 Yes No No No No No Yes No No 
SPDEF Yes 2 Yes Yes No No No No No No No 
MANEA Yes 2 Yes No No No No No No No Yes 
MICAL1 Yes 2 No No No No No No Yes No Yes 
PKIB Yes 2 No No No Yes No No No No Yes 
SGK1 Yes 2 Yes No No No No No Yes No No 
AKAP12 Yes 2 No No No No Yes No No No Yes 
SLC26A3 Yes 2 Yes No No No No No No Yes No 
NAT1 Yes 2 Yes Yes No No No No No No No 
CSGALNACT1 Yes 2 Yes No No No No No Yes No No 
SNAI2 Yes 2 Yes No No Yes No No No No No 
SMS Yes 2 No No No No Yes No No No Yes 
PPFIBP1 Yes 2 Yes No No No No No No No Yes 
FGD4 Yes 2 No No No No No No No Yes Yes 
HOXC13 Yes 2 Yes Yes No No No No No No No 
KLF5 Yes 2 No No No No No No Yes No Yes 
NDFIP2 Yes 2 No No No Yes No No No No Yes 
TLE3 Yes 2 Yes No No Yes No No No No No 
HOMER2 Yes 2 No Yes No No No No No No Yes 
IGF1R Yes 2 Yes No No No No No No No Yes 
WIPI1 Yes 2 No No No No No No Yes No Yes 
ST6GALNAC1 Yes 2 Yes No No No No No No No Yes 
SYNJ1 Yes 2 Yes Yes No No No No No No No 
COL16A1 Yes 1 No No No No No Yes No No No 
C1orf113 Yes 1 No No No No No No No No Yes 
TBX15 Yes 1 No No No No No No No No Yes 
TMEM79 Yes 1 Yes No No No No No No No No 
CDC42EP3 Yes 1 No Yes No No No No No No No 
CTNNA2 Yes 1 No No No No No No Yes No No 
CXCR4 Yes 1 No No No No No No Yes No No 
CCDC141 Yes 1 Yes No No No No No No No No 
SLC39A10 Yes 1 No No No No No No No No Yes 
ABCA12 Yes 1 No No No No No No No No Yes 
SRGAP3 Yes 1 No No No No No No No No Yes 
FAM107A Yes 1 Yes No No No No No No No No 
C3orf58 Yes 1 Yes No No No No No No No No 
LRRC31 Yes 1 No No No No No No Yes No No 
ADH1C Yes 1 No No No No No No Yes No No 
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CYP2U1 Yes 1 Yes No No No No No No No No 
FAM198B Yes 1 Yes No No No No No No No No 
TMEM144 Yes 1 Yes No No No No No No No No 
SPOCK1 Yes 1 No No No No No No Yes No No 
PAK1IP1 Yes 1 Yes No No No No No No No No 
GNMT Yes 1 No Yes No No No No No No No 
GPR63 Yes 1 Yes No No No No No No No No 
MAN1A1 Yes 1 No Yes No No No No No No No 
SDK1 Yes 1 No No No No No No No Yes No 
LAT2 Yes 1 No No No No No No Yes No No 
STEAP4 Yes 1 No No No No No No Yes No No 
CBLL1 Yes 1 No No No No No No No No Yes 
ANGPT2 Yes 1 No No No No No No No No Yes 
CHRNA2 Yes 1 Yes No No No No No No No No 
ANK1 Yes 1 No No No No No No No Yes No 
OPRK1 Yes 1 No No No No No Yes No No No 
OSR2 Yes 1 Yes No No No No No No No No 
NOV Yes 1 No No No No No No Yes No No 
RFX3 Yes 1 Yes No No No No No No No No 
ABCA1 Yes 1 Yes No No No No No No No No 
TNFSF15 Yes 1 Yes No No No No No No No No 
PIK3AP1 Yes 1 Yes No No No No No No No No 
VWA2 Yes 1 Yes No No No No No No No No 
PACS1 Yes 1 No No No No No No No No Yes 
PRSS23 Yes 1 No No No Yes No No No No No 
MMP10 Yes 1 No No No No No No No Yes No 
NNMT Yes 1 No No No No No No Yes No No 
ACAD8 Yes 1 No No No No No No No No Yes 
SLC2A3 Yes 1 Yes No No No No No No No No 
SLC38A4 Yes 1 Yes No No No No No No No No 
AMIGO2 Yes 1 No No No No No No Yes No No 
NR4A1 Yes 1 No No No Yes No No No No No 
KRT18 Yes 1 No No No Yes No No No No No 
LRIG3 Yes 1 Yes No No No No No No No No 
PTPRB Yes 1 Yes No No No No No No No No 
SOCS2 Yes 1 No No No No No No No No Yes 
MYBPC1 Yes 1 No No No No No No Yes No No 
DGKH Yes 1 No No No No No No No No Yes 
IRS2 Yes 1 No Yes No No No No No No No 
PLA2G4E Yes 1 Yes No No No No No No No No 
CDYL2 Yes 1 No No No No No No No No Yes 
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C17orf48 Yes 1 No No No Yes No No No No No 
PMP22 Yes 1 Yes No No No No No No No No 
KRT19 Yes 1 No No No No Yes No No No No 
RNF43 Yes 1 Yes No No No No No No No No 
SLC16A6 Yes 1 No No No No No No Yes No No 
LAMA1 Yes 1 No No No No No No No Yes No 
C1orf127 Yes 0 No No No No No No No No No 
C1orf158 Yes 0 No No No No No No No No No 
PADI1 Yes 0 No No No No No No No No No 
NBL1 Yes 0 No No No No No No No No No 
PLA2G2F Yes 0 No No No No No No No No No 
TINAGL1 Yes 0 No No No No No No No No No 
EDN2 Yes 0 No No No No No No No No No 
BTBD19 Yes 0 No No No No No No No No No 
DAB1 Yes 0 No No No No No No No No No 
KANK4 Yes 0 No No No No No No No No No 
ANGPTL3 Yes 0 No No No No No No No No No 
CACHD1 Yes 0 No No No No No No No No No 
ST6GALNAC5 Yes 0 No No No No No No No No No 
LPAR3 Yes 0 No No No No No No No No No 
WNT2B Yes 0 No No No No No No No No No 
OLFML3 Yes 0 No No No No No No No No No 
ATP1A2 Yes 0 No No No No No No No No No 
RCSD1 Yes 0 No No No No No No No No No 
C1orf26 Yes 0 No No No No No No No No No 
LHX9 Yes 0 No No No No No No No No No 
PKP1 Yes 0 No No No No No No No No No 
LOC127841 Yes 0 No No No No No No No No No 
RASSF5 Yes 0 No No No No No No No No No 
CD55 Yes 0 No No No No No No No No No 
SLC30A10 Yes 0 No No No No No No No No No 
SOX11 Yes 0 No No No No No No No No No 
KCNF1 Yes 0 No No No No No No No No No 
KLHL29 Yes 0 No No No No No No No No No 
SIX2 Yes 0 No No No No No No No No No 
NEURL3 Yes 0 No No No No No No No No No 
TBC1D8 Yes 0 No No No No No No No No No 
IL1F9 Yes 0 No No No No No No No No No 
TUBA3E Yes 0 No No No No No No No No No 
TUBA3D Yes 0 No No No No No No No No No 
NR4A2 Yes 0 No No No No No No No No No 
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CSRNP3 Yes 0 No No No No No No No No No 
ABCB11 Yes 0 No No No No No No No No No 
COL3A1 Yes 0 No No No No No No No No No 
NPPC Yes 0 No No No No No No No No No 
SLC6A20 Yes 0 No No No No No No No No No 
LOC344595 Yes 0 No No No No No No No No No 
CD200 Yes 0 No No No No No No No No No 
GRAMD1C Yes 0 No No No No No No No No No 
LOC100287227 
+TIPARP 

Yes 0 No No No No No No No No No 

TERC Yes 0 No No No No No No No No No 
ARPM1 Yes 0 No No No No No No No No No 
GNB4 Yes 0 No No No No No No No No No 
LIPH Yes 0 No No No No No No No No No 
ADRA2C Yes 0 No No No No No No No No No 
FAM184B Yes 0 No No No No No No No No No 
CNGA1 Yes 0 No No No No No No No No No 
UGT2B28 Yes 0 No No No No No No No No No 
GUSBP1 Yes 0 No No No No No No No No No 
CCNO Yes 0 No No No No No No No No No 
IL31RA Yes 0 No No No No No No No No No 
C5orf27 Yes 0 No No No No No No No No No 
LOX Yes 0 No No No No No No No No No 
SPRY4 Yes 0 No No No No No No No No No 
NR3C1 Yes 0 No No No No No No No No No 
HMGXB3 
+TIGD6 

Yes 0 No No No No No No No No No 

COL23A1 Yes 0 No No No No No No No No No 
FOXQ1 Yes 0 No No No No No No No No No 
ELOVL2 Yes 0 No No No No No No No No No 
C6orf81 Yes 0 No No No No No No No No No 
KCNK5 Yes 0 No No No No No No No No No 
PTCRA Yes 0 No No No No No No No No No 
TTBK1 Yes 0 No No No No No No No No No 
SLC22A7 Yes 0 No No No No No No No No No 
KLHL32 Yes 0 No No No No No No No No No 
FYN Yes 0 No No No No No No No No No 
RFX6 Yes 0 No No No No No No No No No 
NCOA7 Yes 0 No No No No No No No No No 
KIAA0408 Yes 0 No No No No No No No No No 
TNFAIP3 Yes 0 No No No No No No No No No 
HOXA7 Yes 0 No No No No No No No No No 
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HOXA11 Yes 0 No No No No No No No No No 
HOXA11-AS Yes 0 No No No No No No No No No 
TRIL Yes 0 No No No No No No No No No 
TARP Yes 0 No No No No No No No No No 
CDK6 Yes 0 No No No No No No No No No 
BHLHA15 Yes 0 No No No No No No No No No 
VGF Yes 0 No No No No No No No No No 
MET Yes 0 No No No No No No No No No 
FEZF1+ 
LOC154860 

Yes 0 No No No No No No No No No 

CADPS2 Yes 0 No No No No No No No No No 
IQUB Yes 0 No No No No No No No No No 
PLXNA4 Yes 0 No No No No No No No No No 
FAM131B Yes 0 No No No No No No No No No 
ABP1 Yes 0 No No No No No No No No No 
XKR5 Yes 0 No No No No No No No No No 
SGK223 Yes 0 No No No No No No No No No 
PIWIL2 Yes 0 No No No No No No No No No 
ADRA1A Yes 0 No No No No No No No No No 
ZNF703 Yes 0 No No No No No No No No No 
TG Yes 0 No No No No No No No No No 
WISP1 Yes 0 No No No No No No No No No 
FOXD4 Yes 0 No No No No No No No No No 
CBWD1 Yes 0 No No No No No No No No No 
C9orf66+DOCK8 Yes 0 No No No No No No No No No 
RMRP Yes 0 No No No No No No No No No 
GADD45G Yes 0 No No No No No No No No No 
ROR2 Yes 0 No No No No No No No No No 
GRIN3A Yes 0 No No No No No No No No No 
LOC286367 Yes 0 No No No No No No No No No 
ORM2 Yes 0 No No No No No No No No No 
NDP Yes 0 No No No No No No No No No 
CXorf36 Yes 0 No No No No No No No No No 
PCDH11X Yes 0 No No No No No No No No No 
MUM1L1 Yes 0 No No No No No No No No No 
APLN Yes 0 No No No No No No No No No 
GAB3 Yes 0 No No No No No No No No No 
MPP1 Yes 0 No No No No No No No No No 
ADARB2 Yes 0 No No No No No No No No No 
PPP1R3C Yes 0 No No No No No No No No No 
MYOF Yes 0 No No No No No No No No No 
LOC100128054 Yes 0 No No No No No No No No No 
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+PLCE1 
C10orf81 Yes 0 No No No No No No No No No 
ATRNL1 Yes 0 No No No No No No No No No 
PNLIPRP3 Yes 0 No No No No No No No No No 
PNLIP Yes 0 No No No No No No No No No 
MRGPRE Yes 0 No No No No No No No No No 
ABTB2 Yes 0 No No No No No No No No No 
LRRC4C Yes 0 No No No No No No No No No 
OR5B2 Yes 0 No No No No No No No No No 
MOGAT2 Yes 0 No No No No No No No No No 
CCDC83 Yes 0 No No No No No No No No No 
PGR Yes 0 No No No No No No No No No 
ARHGAP20 Yes 0 No No No No No No No No No 
FAM55A Yes 0 No No No No No No No No No 
PANX3 Yes 0 No No No No No No No No No 
HEPACAM Yes 0 No No No No No No No No No 
HEPN1 Yes 0 No No No No No No No No No 
JAM3 Yes 0 No No No No No No No No No 
LOC100271702 Yes 0 No No No No No No No No No 
SLC2A14 Yes 0 No No No No No No No No No 
KLRC2 Yes 0 No No No No No No No No No 
EMP1 Yes 0 No No No No No No No No No 
C12orf69 Yes 0 No No No No No No No No No 
PDE3A Yes 0 No No No No No No No No No 
REP15 Yes 0 No No No No No No No No No 
KRT73 Yes 0 No No No No No No No No No 
HOXC12 Yes 0 No No No No No No No No No 
HOXC9 Yes 0 No No No No No No No No No 
HOXC8 Yes 0 No No No No No No No No No 
SDR9C7 Yes 0 No No No No No No No No No 
INHBE Yes 0 No No No No No No No No No 
FAM19A2 Yes 0 No No No No No No No No No 
CSRP2 Yes 0 No No No No No No No No No 
TMCC3 Yes 0 No No No No No No No No No 
NTN4 Yes 0 No No No No No No No No No 
RNASE12 Yes 0 No No No No No No No No No 
SAMD4A Yes 0 No No No No No No No No No 
BDKRB2 Yes 0 No No No No No No No No No 
BMF Yes 0 No No No No No No No No No 
PLCB2 Yes 0 No No No No No No No No No 
CYP11A1 Yes 0 No No No No No No No No No 
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LOC146336 Yes 0 No No No No No No No No No 
SSTR5 Yes 0 No No No No No No No No No 
GPR97 Yes 0 No No No No No No No No No 
CDH5 Yes 0 No No No No No No No No No 
HSD17B2 Yes 0 No No No No No No No No No 
SLC7A5 Yes 0 No No No No No No No No No 
WSCD1 Yes 0 No No No No No No No No No 
PER1 Yes 0 No No No No No No No No No 
C17orf103 Yes 0 No No No No No No No No No 
HOXB6 Yes 0 No No No No No No No No No 
CACNA1G Yes 0 No No No No No No No No No 
TMEM100 Yes 0 No No No No No No No No No 
PRKCA Yes 0 No No No No No No No No No 
CACNG4 Yes 0 No No No No No No No No No 
CYTH1 Yes 0 No No No No No No No No No 
C18orf1 Yes 0 No No No No No No No No No 
LOC728606 Yes 0 No No No No No No No No No 
C18orf16 Yes 0 No No No No No No No No No 
DSC1 Yes 0 No No No No No No No No No 
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Table 12: REV-ERBα- dependent AR target genes 

REV-ERBα 
dependent 

REV-ERBα 
independent 

KLK2 SLUG 
KLK3 KLF4 
KLK4 KLF5 

STEAP4 LDLR 
HPGD HMGCS1 
FKBP5 HMGCS2 
WWC1 ORM1 
NNMT EAF2 
MAK PTPN21 

NCAPD3 CROT 
RHOU PLD1 

NKX3-1 IL1RN 
SGK1 CXCR7 

TMPRSS2  
PTGER4  
INSIG1  
FASN  

WWTR1  
NDRG1  
ADH1C  
CENPN  
CTNNA2  

NOV  
WIPI1  

ZNF385B  
ELOVL6  
MYBPC1  
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Appendix D – Description of assays 
ChIA-PET – (Fullwood et al. 2009) Cells are formaldehyde fixed to preserve protein-

DNA interactions.  Using an antibody against the protein of interest to be assayed, that 

protein in complex with DNA is isolated.  DNA fragments fixed to DNA are ligated with 

a biotinylated half linker sequence that contains MmeI digestion sequences, and then 

circularized using dilute proximity ligation conditions, which involve diluting DNA 

down to very low concentrations to favor the ligation of interacting DNA sequences, 

such that the half linkers combine to form a circularized DNA fragment connected by a 

complete linker.  Circularized DNA fragments are captured using MmeI digestion and 

streptavidin beads, then constructed into paired-end tag libraries that are sequenced. 

Chromatin immunoprecipitation (ChIP/ChIP-seq) – Cells are formaldehyde fixed in a 

final concentration of 1% formaldehyde to fix protein-DNA interactions.  Fixed 

chromatin is sonicated to approximately 1 kb (for ChIP) or below 500 bp (ChIP-seq).  

Using an antibody against the protein of interest conjugated to magnetic beads, the 

protein of interest is captured while the rest of the sonicated chromatin is washed away.  

Cross-linking is reversed with detergent and heat, and the immunoprecipitated DNA is 

either assayed by qPCR (ChIP), or made into sequencing libraries (ChIP-seq). 

Chromsome conformation capture (3C, 4C, 5C) – As with ChIA-PET, this technique 

captures interacting sequences of DNA based in dilute proximity ligation.  Chromatin is 

formaldehyde fixed, and then restriction enzyme digested.  Using dilute proximity 

ligation, fragments from the same looped strand of DNA are preferentially ligated 

together.  After reverse-crosslinking to remove protein with high heat and detergent, a 

linear DNA fragment results that is flanked by restriction enzyme cut sites and also 

contains a restriction enzyme cut site at the center.  Resultant fragments can be analyzed 

with qPCR (3C), or constructed into a sequencing library using ligation-mediated 
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amplification and assayed by high-throughput sequencing (5C: carbon-copy 

chromosome conformation capture).  An intermediate assay, termed 4C (circularized 

chromosome conformation capture), takes 3C fragments and further digests them, and 

then allows the DNA to self-circularize.  These DNA libraries are amplified using 

primers against the “bait” region, which represents a known region that is one end of 

the interaction, and then assayed either using custom microarrays or sequencing.  The 

advantage of this assay is that knowledge of only one of the two interaction sites is 

required.    

DNaseI hypersensitivity analysis - (Boyle et al. 2008a): Nuclei are isolated from cells 

using a gentle detergent spin.  Chromatin is fragmented using a gradient of DNaseI 

enzyme to yield varying amount of DNaseI digestion.  Digested DNA is fixed in agarose 

plugs, and digestion is confirmed using pulse-field gel electrophoresis.  The appropriate 

digestion samples are blunt ended, and a biotinylated linker is placed at the 5’ cleavage 

end.  DNA is then digested with MmeI and DNaseI cleaved fragments are captured 

using streptavidin beads.  The fragments are further processed to generate a sequencing 

library. 

FAIRE– Formaldehyde-Assisted Isolation of Regulatory Elements (Giresi et al. 2007): 

FAIRE is predicated on the assumption that cis-regulatory elements are relatively 

unbound to nucleosomes.  Formaldehyde crosslinking fixes DNA-protein interactions, 

thus sequences of DNA free from nucleosomal proteins will not be fixed to any proteins 

and can be extracted using phenol and chloroform into the aqueous phase, then assayed 

by polymerase chain reaction, microarrays, or high-throughput sequencing.  Cells are 

fixed using a final concentration of 1% formaldehyde and disrupted using glass beads.  

Chromatin is sonicated into the 200-1000 bp range, and then phenol-chloroform 

extracted.  Isolated sequences are assayed by PCR (FAIRE-qPCR), hybridization to 
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microarray (FAIRE-chip) or prepared into libraries for next generation sequencing 

(FAIRE-seq).   

GRO-seq – (Core et al. 2008) GRO-seq extends the concept of nuclear run-on assays 

globally.  Nascent RNAs that are being actively transcribed are captured, first by 

incorporating 5-bromouridine 5’ triphosphate ribonucleotides into actively transcribed 

RNAs.  These fragments are hydrolyzed, and fragments that incorporated the modified 

ribonucleotide are selected using an antibody specific for the modification.  Isolated 

RNA is repaired and then labeled on the 5’ end before being reverse-transcribed into a 

cDNA library that is subsequently sequenced.  This technology preserves the location, 

direction and amount of RNA that is being actively synthesized throughout the genome. 

MethylC-seq – (Lister et al. 2009) Genomic DNA is isolated and fragmented to an 

average size less than 500 bp.  After adapter ligation and size selection, sodium bisulfite 

conversion was performed to convert unmethylated (but not methylated) cytosine 

nucleotides to uracil.  Converted DNA is amplified then sequenced. 

mRNA-seq – Total RNA is isolated from cells on ice.  mRNA is captured using oligo-dT 

conjugated beads, which capture the polyadenylated tail of messenger RNAs.  The 

resultant mRNAs are fragmented and processed into cDNA to generate a sequencing 

library.   

RRBS – (Gu et al. 2011) Genomic DNA is isolated then fragmented by the methylation-

insensitive restriction enzyme Msp1.  Fragments, which contain methylated CpG 

dinucleotides at both ends and constitute only about 1% of the genome (a reduced 

representation), are repaired and subjected to bisulfite converstion, which converts 

unmethylated cytosine nucleotides to uracil.   
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