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 The genome of an organism encodes thousands of genes, and their expression 

needs to be precisely controlled at the right place and time for normal cellular 

functioning.  Control of gene expression occurs predominantly at the level of 

transcription and the transcription of a particular gene is determined by the interactions 

between diverse regulatory proteins and their specific cis-acting binding elements. 

However, our understanding about how and when transcription factors function in the 

context of the whole genome is limited. Hundreds to thousands of transcription factors 

can potentially interact with DNA in the genome and modulate the level of transcription 

of protein coding genes into mRNAs in response to regulatory signals. Identifying the 

chromosomal targets of regulatory transcription factors in various conditions is crucial 

for reconstructing the transcriptional regulatory networks underlying global gene 

expression programs.  

 Recently-developed chromatin immunoprecipitation (ChIP)-based genome-wide 

studies such as ChIP-microarrays allow us to identify the genomic loci occupied by 

transcription factors in vivo. In combination with expression profiling analysis, the 

ChIP-microarray method is a powerful tool to study DNA-protein interactions in vivo. 

However, there are some limitations to applying this ChIP-microarray method to every 
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sequenced large genome due to the complexity and size of large genomes such as human 

or mouse. 

  To gain a better understanding of the functions of transcription factors in 

mediating eukaryotic gene regulation, we performed ChIP-microarray analysis in yeast 

and human systems. First, we determined the role of the yeast TATA-box binding protein 

(TBP) in controlling global gene expression and revealed that PolIII genes are the 

strongest targets of TBP in yeast. Second, we determined that the human oncogenic 

transcription factor Myc has more than a thousand target genes in human cells. Finally, 

to address some of the current limitations in ChIP-microarrays, we developed an 

alternative method, sequence tag analysis of genomic enrichment (STAGE), to study 

genome-wide mapping of DNA-protein interactions.  
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 1 

CHAPTER ONE: General Introduction 

 

Eukaryotic gene regulation 

It is a very surprising event that the fusion of two gametes undergoes many steps 

of differentiation and in turn develops into a variety of tissues or cell types in 

multicellular organisms. The most interesting part of these developmental or 

differentiation processes is that all of the cells in different tissues or in different cell types 

have common information in their genomes. During the course of development, 

progenitor cells generate hundreds of different cell types, and each of those cell types has 

its own specialized functions. How could these functional and morphological diversities 

be obtained from within a single organism? To do this, specific information in the cells 

(the genome) must first be converted into specific RNA molecules, which are 

subsequently converted to individual proteins showing the characteristics that each 

tissue or cell type needs to have. It is also known that certain proteins need to be 

produced only in a particular tissue or cell type at a particular time. The control 

mechanisms of gene regulation happening inside of cells make all of this possible, but 

how and when eukaryotic cells control the specific expression of each gene during the 

developmental stages or differentiation procedures is still not well understood.  

 

Control of eukaryotic gene expression 

 Control of eukaryotic gene expression includes all the processes cells use in order 

to make a functional protein in right place at right time from the information about the 

gene in the genome (Moore 2005). There are multiple control steps in gene regulation in 

eukaryotic cells, such as transcription, RNA processing, RNA transport, RNA stability, 

translation, post-translational modification, protein folding and degradation, and 
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localization of protein.  

 The transcriptional control step is the first step in regulation, where the DNA 

molecule is accessed to get to its instructions. Transcription factors interact with DNA 

molecules at precise locations and in turn produce RNA transcripts (White and Jackson 

1992). This transcriptional regulation must be precisely controlled to achieve proper 

response to signals from outside.  

 During RNA processing, different functional portions of RNA transcripts are 

determined to be introns and exons, and mature mRNA transcripts are formed. Many 

different kinds of mRNAs can be formed from one transcription unit via alternative 

splicing by the spliceosomes; this is one of the ways that the eukaryotic genome can 

produce a variety of mRNA transcripts. Capping and polyadenylation of transcripts also 

occur during this RNA processing step (Shatkin and Manley 2000). Mature mRNA 

transcripts must then be carried through the nuclear envelope via receptor molecules in 

nuclear pore complexes. The poly-A tail structure is important in this recognition 

(Zenklusen and Stutz 2001).  

 The length of time an mRNA transcript can be read prior to its degradation will 

affect the amount of final mRNA product. Some mRNA transcripts last for weeks, 

whereas others last for less than an hour. In general, mRNA degradation starts with the 

breakdown of its poly-A tail, followed by the degradation of the cap. It is also known that 

the interactions between cis-acting elements on RNA transcripts and their binding 

proteins are important in this mRNA stability regulation step (Wilusz, Wormington et al. 

2001).  

 During translation, the mRNA transcript is translated into a polypeptide 

sequence (Gebauer and Hentze 2004). Most polypeptides need to be altered by 

modification after the translation to achieve their proper function. This post-
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translational modification may either promote function of the protein or block the 

function of the protein until some subsequent alteration takes place. For example, 

metabolic proteins are usually non-functional until activated by other molecules (Uy and 

Wold 1977).  

 Gene expression regulation can also take place when proteins are moved from 

one part of the cell to another, or when proteins are exported from the cell. This step is 

known as protein localization control step (Teruel and Meyer 2000).  Besides these steps, 

protein stability is also important, and it is controlled by other proteins which get rid of 

excess or nonfunctional proteins (Wickner, Maurizi et al. 1999). Recently, microRNA was 

found to regulate the levels of mRNA in plants and to regulate rates of translation in 

animals (Carrington and Ambros 2003).  

 All of the control steps mentioned here are very important in proper gene 

expression, and deregulation of each step may cause severe disease in eukaryotic cells. 

However, because all other control steps follow the production of RNA transcripts, we 

may say that the transcriptional regulation step where primary RNA transcripts are 

produced is one of the most important steps in the regulation of eukaryotic gene 

expression. 

 

Transcriptional cis-acting elements  

 Two fundamental elements are involved in the transcriptional regulation step in 

which RNA transcripts are generated. One is cis-acting elements in the genome sequence, 

and the other is trans-acting factors (transcription factors) that bind to their target cis-

acting elements. Interaction between these two elements is critical to generate a precise 

control of the basic processes of transcription as well as cell-type or developmental-stage 

specific RNA transcription (Goodrich, Cutler et al. 1996; Stamatoyannopoulos 2004). 



 4 

 Cis-acting elements are the sequences on the genome which are binding target 

loci of transcription factors. These sequence elements can be categorized into several 

subgroups, such as promoter, enhancer and silencer regions of DNA. The promoter 

region indicates the starting point for transcription and is located upstream of the coding 

region. One good example of cis-acting element in promoter region is the TATA box 

(Weis and Reinberg 1992; Smale 2001). The TATA box is the most well-known cis-acting 

element involved in the basic process of transcription, and this TATA sequence is found 

approximately 30 base pairs (bp) upstream of the transcription start site (TSS) of each 

gene. The TATA box is a binding target locus for one of the factors of general 

transcription machinery, TATA box binding protein (TBP). The other well-known cis-

acting elements involved in general transcription are the CCAAT box (McKnight and 

Tjian 1986) and the Sp1 box (Dynan and Tjian 1985). These elements are generally found 

upstream of the TATA box sequence.  

 In addition to the promoter region, eukaryotes contain some other sequence 

elements that are located at a great distance from the transcription start site of genes and 

control the level of gene transcription in positive or negative ways. These are enhancer or 

silencer sequences. An enhancer is a binding locus of activator proteins, and interactions 

between an enhancer sequence and activator proteins increases the level of transcription 

by stimulating the binding activity of RNA polymerase to the promoter sequence. The 

binding of an activator to the enhancer is also known to fold the structure of the DNA 

molecule to bring the activator protein closer to the promoter region (Mueller-Storm, 

Sogo et al. 1989). This attracts more transcription factors to facilitate the job of RNA 

polymerase by forming a transcription initiation complex at the promoter. On the other 

hand, the silencer is a control element that can inhibit the transcription process. A 

specific transcription factor that binds to a silencer sequence and blocks transcription is 
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called a repressor (Ogbourne and Antalis 1998). Both the enhancer and silencer 

sequences may be located upstream, downstream, or sometimes inside the 

transcriptional unit of genes. In most cases, transcription of each eukaryotic gene is 

regulated by the combination of multiple cis-acting elements and multiple regulatory 

proteins. 

 

Eukaryotic transcription factors 

  It is known that there are many proteins that can directly or indirectly bind to 

DNA sequences in the genomes of eukaryotic cells. As shown in Table 1.1, approximately 

3 % to 8 % of known genes in each genome are known as transcription factors (Messina, 

Glasscock et al. 2004). Some of these transcription factors directly interact with DNA 

sequences, whereas some of them interact indirectly. Direct or indirect interactions 

between these transcription factors and cis-acting elements are crucial for the control of 

eukaryotic gene transcription which generates specific RNA transcripts; understanding 

the relationship between these two elements is a key step to elucidating the dynamic 

responses of cells to signals from the environment or from other cells.  

 The importance of transcription factor-DNA interaction suggests that the 

accessibility of cis-acting element is also crucial for the control of gene transcription 

(Wolffe 1992). However, the access of transcription factor to the eukaryotic genomic 

DNA is blocked by the structure of genomic DNA, which is associated with specific 

structural proteins such as histone proteins (H1, H2A, H2B, H3 and H4). Histone 

proteins and DNA form a compactly packed structure called chromatin (Horn and 

Peterson 2002). The fundamental unit of chromatin is the nucleosome, in which the 

DNA is wrapped twice around a unit of eight histone proteins (two copies of each histone 

H2A, H2B, H3 and H4) (Luger 2003; Khorasanizadeh 2004). Histone H1 fastens the  
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Table 1.1 Transcription Factors as a Proportion of Total Gene Content 
 

The number of transcription factor genes for S. cerevisiae, C. elegans, D. melanogaster, 
and H. sapiens is shown, divided by the approximate total number of genes for each 
organism to estimate the percentage of the total gene content represented by 
transcription factors. Two estimates are given for H. sapiens, based on current gene 
predictions from Ensembl and NCBI. This table is an excerpt from Messina, D. N., J. 
Glasscock, et al. (2004). Genome Res 14(10B): 2041-7. 
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DNA to the nucleosome core. The compact and condensed nature of chromatin structure 

generates barriers to the access of other DNA binding proteins such as transcription 

factors. Therefore, in most cases nucleosome structures harboring the promoter or 

enhancer regions of active genes must be removed or undergo structural alterations to 

allow the binding of specific transcription factors to their target cis-acting elements.  

 In general, it has been known that eukaryotic transcription factors are composed 

of general transcription factors, chromatin remodeling complexes, activators, and 

repressors. Transcription factor is any protein other than RNA polymerase that is 

required for transcription procedure, and interacts with RNA polymerase or other 

transcription factors and cis-acting DNA sequences. General transcription factors are the 

group of proteins that directly interact with RNA polymerase and are responsible for 

initiation of transcription (Goodrich and Tjian 1994). General transcription factors 

include TFIID, which binds to a TATA-box through its one member TATA-box binding 

protein, TBP (Pugh and Tjian 1992). Initiation of transcription by RNA polymerase II 

also requires the multi-protein mediator complex in vivo (Kornberg 2005; Struhl 2005). 

At least two protein complexes are known to alter the chromatin structure, allowing 

other transcription factors access to the DNA; they play important roles in 

transcriptional regulation (Narlikar, Fan et al. 2002). These factors are ATP-dependent 

chromatin remodeling complexes (Becker and Horz 2002; Lusser and Kadonaga 2003) 

and histone modifying complexes. ATP-dependent chromatin remodeling complexes use 

ATP hydrolysis to increase the accessibility of nucleosome-bound DNA. Histone 

modifying complexes change the affinity between the DNA and the histone proteins that 

form the nucleosome structure by covalently modifying histone N-termini (Berger 2001; 

Berger 2002; Peterson and Laniel 2004). These covalent modifications include 

acetylation/deacetylation (Kuo and Allis 1998), phosphorylation (Sassone-Corsi, Mizzen 
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et al. 1999), methylation (Kouzarides 2002), ubiquitination (Robzyk, Recht et al. 2000), 

and sumoylation (Shiio and Eisenman 2003).  

 Both complexes introduce the structural alteration of chromatin and allow other 

transcription factors to access their target loci. Besides general transcription factors and 

chromatin remodeling complexes, other factors that interact directly or indirectly with 

the protein components of the general transcription machinery are also important in 

transcription. These are upstream factors, which are ubiquitous factors that increase the 

efficiency of transcription initiation. They influence the initiation of transcription by 

contacting members of the basal apparatus, promoting the assembly of the general 

transcription machinery, and binding coactivators that interact with the basal apparatus 

(Guarente 1995). Finally, some transcription factors work in a temporal or spatial 

manner, or work directly in response to the environmental signals. These factors are 

activator or repressor proteins, and they provide the final link in controlling 

transcription of their target genes by working at great distance from promoters of target 

genes (Gaston and Jayaraman 2003; Green 2005).  

All of the transcription factors mentioned above work together and in turn 

directly or indirectly bind to the specific or non-specific sequences in the genome, known 

as cis-acting elements such as promoter, enhancer, and silencer sequences, to generate 

proper RNA transcripts for proper responses to the extracellular signals. The existence of 

a large number of transcription factors in each organism and the results of some recent 

works showing hundreds of direct binding target loci of specific transcription factors in 

vivo suggest that there could be a huge network where a variety of transcription factors 

and thousands of cis-acting elements dynamically work together to generate a tight 

regulation of specific gene expression in eukaryotic system (Wyrick and Young 2002; 

Qian, Lin et al. 2003). In order to understand the global transcriptional control network 
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and function of each DNA-binding transcription factor protein, we must determine the 

in vivo direct physical targets of each transcription factor in various conditions and the 

context of their cis-acting regulatory sequences. 

 

Study of DNA-protein interactions  

Understanding the regulation of gene expression is quite a challenging task. 

Precisely controlled interactions of numerous protein factors and their target DNA 

sequence elements are required for the accurate temporal and spatial control of gene 

expression. Many studies have used many techniques to elucidate the roles of each 

transcription factor, such as finding its target genes and its target binding sequences. In 

order to find the downstream targets of transcription factors, electrophoretic gel mobility 

shift assay (EMSA) or DNA footprinting methods have been widely used. Accumulated 

data from these low-throughput study methods have revealed numerous downstream 

target genes of specific transcription factors and their consensus binding sequences. 

However, these methods were quite limited for finding many targets of given 

transcription factors in a short period of time. Moreover, most of these experiments were 

performed in vitro.  

Between the mid-1980s and the early 1990s, one of the most useful novel 

techniques, the formaldehyde-fixed chromatin immunoprecipitation (ChIP) method, was 

developed for studying interactions between DNA and DNA- binding proteins (Solomon, 

Larsen et al. 1988; Dedon, Soults et al. 1991). Development of this method took several 

years, and many scientists contributed to its gradual development. Formaldehyde is a 

crosslinking agent that efficiently produces both protein-nucleic acid and protein-protein 

crosslinks in vivo. A key advantage of using formaldehyde as a crosslinking agent is that 

the crosslinks can be fully reversed.  
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Briefly, in this ChIP reaction, cells are first fixed by adding formaldehyde, and an 

immunoprecipitation procedure is performed in which a specific antibody against a 

target protein is used to pull down the DNA-protein complexes from the cell extract. 

After a series of washing steps, the complexes are reverse-crosslinked, and enriched DNA 

fragments are purified and analyzed using conventional methods such as Southern 

blotting or semi-quantitative PCR (ChIP-PCR) to identify the existence of direct binding 

targets of specific transcription factors in vivo. This ChIP method is one of the most 

powerful techniques to study DNA-protein interactions in vivo (Kuo and Allis 1999; 

Orlando 2000). However, it is technically difficult to determine the efficiency of 

immunoprecipitation precisely with this method because it is based on the percentage of 

precipitated protein-DNA complex of interest among the background. It has also been 

hard to predict the number of binding target sites and specific regions of genome 

involved. It is also possible that certain regions on the genome might be more accessible 

to the antibody than others, so the ChIP method has been a non-quantitative technique. 

In addition to these drawbacks, ChIP is also a low-throughput method when combined 

with PCR or Southern blotting, and it is necessary to have some clues about the putative 

targets to design primers or probes for subsequent steps.  

 

Genome-wide mapping of DNA-protein interactions: Yeast 

In 1995, two genome-wide study methods were introduced to scientists. They 

were cDNA microarray (Schena, Shalon et al. 1995) and serial analysis of gene 

expression (SAGE) (Velculescu, Zhang et al. 1995). In combination with whole genome 

sequencing (Collins and Galas 1993; Goffeau, Barrell et al. 1996), independent 

development of these two methods opened a new area of high-throughput study in the 

field of biology. From that moment, scientists could start genome-wide scale 
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experiments such as expression profiling studies (Brown and Botstein 1999). Expression 

profiling done using cDNA or oligonucleotide microarray or SAGE allows not only a 

global description of thousands of genes expressed in cells at some growth conditions or 

developmental stages, but also a prediction of global downstream target genes of a key 

regulator protein such as a transcription factor that controls gene expression (Khan, 

Bittner et al. 1999; Livesey, Furukawa et al. 2000). However, prediction of downstream 

target genes based on expression profiling could not distinguish direct and indirect 

targets of a transcription factor due to the secondary effects of other factors. Additionally, 

due to the necessity of overexpressing or deleting the transcription factor of interest, 

these studies do not necessarily identify the genes that are targets under physiological 

conditions. Furthermore, it would be difficult to use these techniques to find the targets 

under altered conditions such as during different growth conditions or different stages of 

development.  

Several years after the development of the cDNA microarray technique, another 

method was developed to overcome the problems mentioned above, and studying 

genome-wide direct targets of transcription factor became possible by modifying the 

microarray technique (Ren, Robert et al. 2000; Iyer, Horak et al. 2001). This new 

method called ChIP-microarray (or ChIP-on-chip, ChIP-chip, Localization study etc.) 

allows us to detect transcription factor-DNA interactions on a genome-wide scale in vivo. 

The ChIP-microarray method combines conventional ChIP procedure with microarray 

technology. In the ChIP-microarray procedure, a microarray that contains thousand of 

promoter or intergenic sequences is used for detection of the enriched DNA fragments 

from the ChIP procedure. The advantage of using both ChIP material and reference 

material on one microarray makes this method quantitative.  

Initially, the ChIP-microarray method was applied to yeast, an organism with a 
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relatively compact genome. Targets of many transcription factors such as SBF, MBF, 

Gal4, Ste12 and Rap1 were initially studied (Ren, Robert et al. 2000; Iyer, Horak et al. 

2001; Lieb, Liu et al. 2001), and hundreds of direct binding targets of each transcription 

factor were identified by these experiments. Subsequent studies showed that in addition 

to  sequence-specific DNA-binding transcription factors, the ChIP-microarray method 

could also be applied to the study of histone modifications, chromatin remodeling 

complexes (Robyr, Suka et al. 2002; Pokholok, Harbison et al. 2005), DNA replication 

and recombination, DNA methylation, DNA copy number aberrations, and nucleosome 

distributions (Bernstein, Liu et al. 2004; Yuan, Liu et al. 2005).  

 

Genome-wide mapping of DNA-protein interactions: Human 

Applying the ChIP-microarray method to a large genome, such as H. sapiens has 

been tried, but was challenging due to many reasons, such as the genome complexity, 

large size of intergenic regions, poor gene annotation, etc. Specially, the size of the 

human genome (approximately 300 times bigger than yeast genome) makes it difficult to 

achieve comprehensive coverage on one microarray. Instead of covering the whole 

human genome, initial trials of mammalian ChIP-microarray were performed using 

microarrays that contain thousands of CpG island spots or core promoter spots (Ren, 

Cam et al. 2002; Weinmann, Yan et al. 2002). Two independent groups successfully 

identified hundreds of targets of human transcription factor E2F4 and demonstrated the 

possibility of genome-wide DNA-protein interaction study in mammalian cells. However, 

there were some limitations of their microarray platforms. For example, CpG islands 

arrays exploited the fact that CpG islands often overlap with cis-acting regulatory 

elements, but the physical fraction of the genome that is covered by known CpG islands 

is only 1% of the human genome (Davuluri, Grosse et al. 2001). Therefore the use of CpG 
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island microarrays for ChIP-microarray does not guarantee that all possible protein 

binding sites in whole human genome would be assayed. An alternative approach uses 

microarrays of PCR fragments spanning approximately 1-kb region of core promoter of 

genes. This microarray platform was used to identify the binding target sites of the HNF 

family of transcription factors (Odom, Zizlsperger et al. 2004) and CREB protein (Zhang, 

Odom et al. 2005). However, this platform also has similar limitations. For example, 

binding sites for many transcription factors may occur not only close to the transcription 

start site but also in enhancers or silencers. Therefore, the core promoter microarray is 

not useful for detecting the binding loci apart from proximal promoter areas. In addition 

to this, amplification of core promoter regions totally depends on the current gene 

annotations, so there could be missing genes or mistakes in defining transcription start 

site of genes.  

Recently, results from other platforms of microarrays, such as focused tiling 

microarrays, demonstrated that there were many binding loci of transcription factors in 

non-promoter areas. Transcription factor binding was detected from non-promoter areas, 

such as introns, 3’- or 5’-UTRs and even in exons (Martone, Euskirchen et al. 2003; 

Cawley, Bekiranov et al. 2004). Development of technology makes it possible to generate 

several types of tiling microarrays that cover several chromosomes or even the entire 

human genome. A few studies were performed to find the targets of specific mammalian 

transcription factors in vivo, and they successfully identified many target loci of those 

factors (Martone, Euskirchen et al. 2003; Cawley, Bekiranov et al. 2004; Euskirchen, 

Royce et al. 2004; Kim, Barrera et al. 2005). However, tiling microarrays are still very 

costly, and several dozens of microarrays are needed to cover the entire human genome, 

which requires dozens more samples to perform one totally unbiased ChIP-microarray 

study.  
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Due to these microarray limitations, several other approaches that are based on 

high-throughput sequencing were tried and these sequencing-based methods were also 

very useful for identifying targets of transcription factors. These independent approaches 

commonly combine the ChIP and SAGE methods (Impey, McCorkle et al. 2004; Kim, 

Bhinge et al. 2005; Roh, Cuddapah et al. 2005). However, these high-throughput 

sequencing-based methods also have their own drawbacks. These are also still very costly 

and not so practical for comparing multiple samples.  
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Goals and rationale 

 

 Discovering the targets of an individual transcription factor has been an area of 

interest for a long time. Genome-wide DNA-protein interaction studies have become 

feasible with the recent development of ChIP-microarray technology. Using yeast whole-

genome microarrays, human core promoter microarrays, and the newly developed 

STAGE (Sequence Tag Analysis of Genomic Enrichment) (Kim, Bhinge et al. 2005) 

method, direct interactions between yeast TBP, human Myc, and human E2F4 proteins 

were studied.   

 The relationship between TBP recruitment to promoters and global gene 

expression profiles in yeast using ChIP-microarray is discussed in Chapter 2. First, bias 

in TBP binding to the genome loci was tested and RNA pol III promoters were the most 

prominent binding targets of TBP in vivo. Second, the relationship between TBP binding 

and steady-state transcript levels of genes throughout the genome was addressed. 

Steady-state transcripts levels were proportional to the occupancy of their promoters by 

TBP, and changes in the expression levels of these genes were also closely correlated with 

changes in TBP recruitment. Finally, the importance of the TATA element in gene 

expression and TBP binding was tested. The existence of the TATA element does not 

appear to be a major determinant of either TBP binding or gene expression throughout 

the genome. The recruitment of TBP to its target promoters in vivo is of universal 

importance in determining gene expression levels in yeast, regardless of the nature of the 

core promoter or the type of activator or repressor that may mediate changes in 

transcription.  

 In chapter 3, a novel unbiased genomic method to identify the direct binding 

targets of transcription factors in any sequenced genome, Sequence Tag Analysis of 
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Genomic Enrichment (STAGE) is discussed. STAGE is based on high-throughput 

sequencing of concatamerized tags derived from target DNA enriched by ChIP. First, the 

STAGE method was tested in yeast to confirm the notion that RNA polymerase III genes 

are the most prominent targets of TBP as we described earlier (Kim and Iyer 2004). 

Then STAGE protocol was optimized and analysis methods were developed to allow the 

identification of transcription factor targets in human cells. Several novel binding targets 

of the human transcription factor E2F4 were identified by STAGE, and targets were 

independently validated by promoter-specific PCR and microarray hybridization.  

 In chapter 4, target identification of the transcription factor c-Myc using a 

combination of ChIP and human 13k core promoter microarrays is discussed. First, 

direct downstream targets of Myc in HeLa cells were addressed, and target genes of Myc 

in both serum-starved and serum-stimulated human 2091 fibroblasts were tested. A total 

of 1,477 direct downstream target genes of Myc were identified from these two cell lines. 

Serum stimulation induced a dramatic increase of Myc binding to its target promoters. 

Comparison of target genes in HeLa and fibroblasts shows that many target genes are 

common in both cells. Analysis of the promoter sequences of target promoters revealed 

that not all the previously known E-box sequences are functional in these cells. 

Canonical E-box CACGTG and non-canonical E-box CACGCG sequences are the main 

motifs that are utilized by Myc in vivo.   
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CHAPTER TWO: Role of TATA-Box Binding Protein (TBP) 

Recruitment to Promoters in Mediating Gene Expression Profiles in 

Yeast1 

 

 

INTRODUCTION 

 

 Transcription is precisely regulated by the concerted action of general 

transcription factors, sequence-specific activators or repressors, and accessory proteins 

that modulate chromatin accessibility. Understanding the relationship between the 

binding of an individual transcription factor to its target promoters and the expression of 

all its target genes is important for understanding the mechanisms of transcriptional 

regulation that operate on a genome-wide scale. 

 TBP (TATA-box Binding Protein) is a general transcription factor protein that 

binds the TATA element located approximately 35 to 50 nucleotides upstream of the 

transcription start site in S. cerevisiae. TBP is highly conserved with over 80% identity in 

the 180 amino-acid C-terminal domain across eukaryotic species (Greenblatt 1991) and 

is a universal transcription factor that is central to all three RNA polymerase systems 

(Cormack and Struhl 1992; White, Rigby et al. 1992). TBP is associated with a variety of 

complexes such as SL1 (Comai, Tanese et al. 1992), TFIID, TFIIIB, and SAGA in yeast 

(Pugh 2000). SL1 functions at RNA polymerase I (pol I) promoters, TFIID is specific for 

promoters of mRNA genes transcribed by RNA pol II, and the TFIIIB complex targets 

                                                 
1 Reproduced in part from Kim, J. and V. R. Iyer (2004). Mol Cell Biol 24(18): 8104-12. 

Appropriate permission has been granted by the publisher. 
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RNA pol III genes. In human, TBP is also known to be a member of other complexes 

such as TFTC, SNAPC, and PCAF (Pugh 2000); however, its role in these complexes is 

unclear. 

 Experiments in yeast have shown that the TBP occupancy of several RNA pol II 

promoters is correlated with transcriptional activity, and the binding of TBP is 

stimulated by activators and general transcription factors (Kuras and Struhl 1999; Li, 

Virbasius et al. 1999). However, the relationship between TBP binding and transcription 

has not been examined in vivo on a global scale, under physiological conditions where 

hundreds of promoters are known to be activated or repressed. TBP binds not only to 

canonical TATA elements that are primarily found in pol II promoters, but also to TATA-

less pol II promoters (Pugh and Tjian 1991) as well as pol I and pol III promoters that 

lack TATA elements (Cormack and Struhl 1992; Rigby 1993; Struhl 1994). Since TBP is a 

general transcription factor required for all three of the nuclear RNA polymerases, it is 

expected to be required for the transcription of every gene. However, the relationship 

between the occupancy of each chromosomal promoter by TBP and the steady-state 

expression level of the corresponding gene is not known. Moreover, it is not clear what 

biases, if any, exist in the binding distribution of TBP across the genome, particularly 

with respect to the type of RNA polymerase that transcribes each promoter. 

 Knowing the dynamic relationship between TBP recruitment to promoters and 

transcription across the genome has important implications for the mechanism of 

transcriptional activation and repression, given that the thousands of genes in the 

genome are likely to have a wide range of core promoter architectures and local 

chromatin structure, and be regulated by a variety of qualitatively different activator or 

repressor proteins under different physiological conditions. Here we use a combination 

of chromatin immunoprecipitation (ChIP), genome-wide promoter microarrays, and 
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expression profiling methods (Pollack and Iyer 2002) in yeast to map the chromosomal 

binding distribution of TBP, and determine the global role of TBP recruitment to 

promoters and corresponding genome-wide gene expression profiles in vivo. 
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MATERIALS AND METHODS 

 

Yeast strain and culture conditions 

 The S. cerevisiae strain used in all experiments was a derivative of W303-1A and 

contains a hemagglutinin (HA)-tagged TBP gene (Kuras and Struhl 1999) (gift from K. 

Struhl). TBP expressed in this strain contains three copies of the HA epitope inserted 

after codon 3 of the TBP open reading frame. In most cases, cells were grown to mid-log 

phase (optical density at 600 nm 0.4 to 0.6) in synthetic complete medium lacking uracil 

(SC-ura) and half of the culture was used for formaldehyde crosslinking and ChIP while 

the other half was used for mRNA isolation for expression profiling. For heat shock 

treatment, cells grown continuously at 25°C were collected by centrifugation, 

resuspended in an equal volume of pre-warmed 39°C medium, and returned to 39°C for 

growth. Samples were collected or crosslinked after 10, 30, and 60 min time periods. For 

MMS (methyl methanesulfonate) treatment to induce DNA damage, cells were grown at 

30°C to mid-log phase. 0.02% MMS (Sigma) was added and cells were collected or 

crosslinked after a 30 min incubation. For stationary phase, cells were grown to an 

optical density > 5.0 and cells were collected or crosslinked after there was no further 

increase in culture density. 

 

Yeast DNA microarrays and hybridization 

 Microarrays that include nearly every ORF and intergenic element from the yeast 

genome were manufactured as described previously (Iyer, Horak et al. 2001; Iyer 2003). 

Microarrays were scanned with a GenePix 4000B scanner (Axon Instruments). 

Fluorescence intensities were quantified using GenePix Pro software (version 4.0), and 

data were uploaded to a relational database for further analysis (Killion, Sherlock et al. 
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2003). Data were filtered to exclude spots with obvious defects or signal intensity below 

an empirically determined threshold. PCR amplification and fluorescent labeling of 

immunoprecipitated DNA and labeling of cDNA was performed as described (Iyer 2003). 

The reference hybridization probe for Figures 2.1, 2.2, 2.3, and 2.5 was a common pool of 

wild-type yeast genomic DNA that had been sonicated. Amplification and labeling of the 

reference was performed using the same protocol as for the ChIP samples. 

 

Crosslinking and immunoprecipitation 

 Crosslinking and immunoprecipitation were performed as described previously 

(Iyer 2003). We used anti-hemagglutinin antibodies (Santa Cruz) at a 1:100 dilution for 

ChIP. 

 

mRNA preparation 

 Cells were collected by centrifugation at 3000 ×g for 5 min at room temperature. 

Each 50 ml cell pellet was resuspended in 8 ml of lysis buffer (10 mM Tris-Cl pH 

4.0, 10 mM EDTA, 0.5% SDS), and stored at -80°C until RNA preparation. Total RNA 

was prepared by acid phenol lysis as previously described (Spellman, Sherlock et al. 

1998). Poly A+ mRNA was purified using an Oligotex kit (Qiagen). 

 

Determination of genomic enrichment and gene-promoter associations 

For Figure 2.2 we defined the ChIP enrichment score E for each genomic locus as: 

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
=

nCy
CyR

Cy
CyR

Cy
CyRmedianE

3
5,...

3
5,

3
5

21  where iCy
CyR ⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
3
5

is the percentile rank of 

the Cy5 to Cy3 ratio of the microarray element corresponding to that locus among all 

genomic loci in the i th independent ChIP experiment. E is expressed as a percent with 
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values between 0 and 100 and is thus a measure of consistent in vivo association of TBP 

with a given genomic locus in 49 independent experiments. For combining data from 

replicate experiments, we averaged the percentile rank and took that to be the 

enrichment value (Figures 2.3, 2.5, 2.6, and 2.7). Each experiment in these figures 

represents the average of 2 to 4 independent replicates (cultures, ChIP and microarray 

hybridizations). Since more than one locus spotted on the microarrays can potentially be 

the promoter for a given gene, we assigned the locus which was immediately upstream of 

each open reading frame as the promoter of that gene. This pairing of each gene with a 

single promoter was used for all analyses. 
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RESULTS 

 

TBP binds predominantly to RNA polymerase III promoters 

 We first determined the genome-wide binding distribution of TBP under steady-

state conditions to identify any bias in terms of the promoters or genomic loci that it 

binds to. In all the experiments described here we used cells bearing an HA (influenza 

hemagglutinin epitope)-tagged derivative of TBP as the only functional copy of TBP 

(Kuras and Struhl 1999). We performed a large number of independent ChIP-microarray 

experiments from independently grown cultures in a range of different growth 

conditions. ChIP DNA from each culture was separately amplified and fluorescently 

labeled with Cy5. Each independent sample was separately combined with sheared 

genomic reference DNA that had been amplified and fluorescently labeled with Cy3, then 

co-hybridized to whole-genome yeast microarrays that contained nearly every ORF as 

well as every intergenic sequence. We calculated the consistent enrichment value for 

each genomic locus across all the independent ChIP-microarray experiments (see 

Materials and Methods). 

 To ensure that the sheared genomic DNA was an appropriate microarray 

reference, we explicitly compared it to two other kinds of reference samples in control 

hybridizations. Sheared genomic DNA was virtually identical to ChIP input DNA (Figure 

2.1A) and to ChIP-recovered DNA from a control strain lacking the HA epitope (Figure 

2.1B). Independent ChIP-microarray experiments using sheared genomic DNA as a 

reference were also highly reproducible (Figure 2.1C). Thus, sheared genomic DNA is an 

appropriate reference sample, but has the advantage over the other kinds of reference 

samples in that the same identical genomic DNA reference can be used in many 

independent experiments, allowing quantitative cross comparisons to be made. 



 24 

 
Figure 2.1 ChIP-microarray 
hybridization controls 
(A) Sheared genomic DNA labeled with 
Cy3 and ChIP input DNA labeled with Cy5 
were hybridized to yeast whole-genome 
microarrays containing ORF and 
intergenic sequences. Median intensities 
of 9711 spots from both channels are 
plotted on a log2 scale. (B) Sheared 
genomic DNA was labeled with Cy3 and 
DNA recovered after subjecting an 
untagged control strain to ChIP was 
labeled with Cy5 and co-hybridized to 
whole genome arrays. Median intensities 
of 4161 spots on the scatter plot show a 
strong correlation between the two 
samples (R2 = 0.90). The low number of 
spots in this experiment is due to the fact 
that ChIP using an anti-HA antibody from 
a strain lacking the HA epitope yielded 
very low amounts of DNA and therefore 
low signal intensity at many spots that did 
not pass basic quality thresholds. (C) 
Independent replicates of TBP ChIP-chip 
experiments were performed. For each 
replicate, TBP ChIP DNA was labeled with 
Cy5 and genomic DNA was labeled with 
Cy3 as a reference. Cy5/Cy3 ratios (log2) 
of 6172 spots are plotted and show strong 
correlation (R2 = 0.90), suggesting that 
TBP ChIP experiments are reproducible 
when genomic DNA is used as a reference 
(+ HA, black spots). We similarly tested 
the untagged strain as a control (- HA, 
gray spots). All of these experiments (in A, 
B and C) were performed at least twice 
and similar results were obtained. 
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 Figure 2.2 shows a bimodal distribution of enrichment in 49 biologically 

independent TBP ChIP-microarray experiments, suggesting that there are specific 

genomic loci that TBP consistently and strongly associated with. Most of these loci are 

pol III promoters such as tRNAs, 5S rRNA and U6 snRNA, or loci adjacent to pol III 

promoters (black bars in Figure 2.2). We considered 1 kb on either side of pol III 

transcripts to be adjacent loci because TBP-associated fragments enriched after random 

shearing and ChIP may overlap and hybridize not only to the DNA segment containing 

the actual binding site but also to neighboring loci. In the top 6% of highly enriched loci, 

598 out of 619 segments (96.6%) were pol III promoters or adjacent loci. Among the 

remaining 21 segments, 13 were next to Ty-LTRs, 2 represented snoRNAs, and 6 loci 

represented other pol II targets. RNA pol III genes in yeast consist of 299 tRNAs and at 

least 9 other genes, such as snR6, RPR1, SCR1, and six 5S rRNA genes. 92% of all tRNA 

genes that were represented on the arrays (252 out of 274 retained after data filtering) 

were in the top 6% of most highly enriched loci. Furthermore, 8 of the 9 non-tRNA pol 

III targets were highly enriched. Most of the remaining tRNA genes which were not in 

top 6% also had relatively high ChIP enrichment values (> 88). 

 The strong and consistent enrichment of genomic loci adjacent to nearly every 

RNA pol III promoter, in all the different growth conditions we tested, suggests that TBP 

has a very strong preference for binding to all of the RNA pol III promoters in vivo. This 

pronounced bias in the chromosomal binding distribution of TBP is likely to be related to 

the high rate of transcription from RNA pol III promoters (Cloutier, Librizzi et al. 2001). 

Similar conclusions were reached in other recent studies that have profiled the genome-

wide binding distribution specifically of the pol III transcription machinery (Harismendy, 

Gendrel et al. 2003; Roberts, Stewart et al. 2003). 
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Figure 2.2 Genome-wide binding distribution of TBP 
The data shown is from 49 independently grown cultures each of which was separately 
analyzed by ChIP-chip. TBP ChIP samples were labeled with Cy5 and hybridized to 
whole genome arrays together with reference genomic DNA labeled with Cy3. TBP ChIP 
enrichment was calculated as the median percentile rank of Cy5/Cy3 ratios across all 
experiments (described in Methods) and plotted as a histogram. The bimodal 
distribution of TBP ChIP enrichment (black continuous line) shows strong enrichment of 
specific fragments, indicating consistent binding of TBP to these loci in all growth 
conditions. The white bars represent TBP binding to pol II promoters. The black bars 
represent loci adjacent to pol III genes and are the most highly enriched across all ChIP 
experiments.  
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Steady-state transcript levels of coding genes throughout the genome are 

correlated with TBP binding 

 The vast majority of promoters in the genome occur upstream of protein coding 

genes and are transcribed by RNA pol II. Precise regulation of the level of transcription 

from these promoters is critical for normal cellular functioning. We determined the 

relationship between the binding of TBP to promoters and the corresponding steady-

state levels of transcription. The binding distribution of TBP to promoters across the 

genome was measured as described earlier. To determine the relationship of TBP 

binding to steady-state mRNA levels, we simultaneously analyzed mRNAs from aliquots 

of the same culture harvested just prior to formaldehyde crosslinking, in conjunction 

with a genomic DNA reference probe. mRNA was reverse-transcribed into cDNA, labeled 

with Cy5 dye, and hybridized to whole-genome microarrays together with amplified, 

Cy3-labeled, sheared genomic DNA. Thus, the Cy5/Cy3 ratio of each ORF spot reflects 

the steady state level of the transcript corresponding to that gene. Since almost all pol III 

promoters were highly occupied by TBP in all the conditions we tested (Figure 2.2), we 

excluded data from loci adjacent to pol III target genes in this analysis. 

 We first examined the relationship between TBP binding and transcript levels in 

exponentially growing yeast cells at room temperature (RT) in SC-ura medium. We 

found that there is a marked tendency for genes that are expressed at high steady-state 

transcript levels to have high levels of TBP occupancy at their promoters (Figure 2.3A). 

Conversely, genes with low steady-state transcript levels show correspondingly low levels 

of TBP binding at their promoters. The apparent noise and the outliers in this plot of 

transcript levels against ChIP enrichment arise largely from identifiable sources and are 

discussed in greater detail below. The correlation between TBP binding and transcript  
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Figure 2.3 TBP recruitment to promoters is proportional to steady-state 
levels of pol II gene transcripts throughout the genome (continued on the 
next page) 
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(A) In normal exponentially growing cells, TBP recruitment to pol II promoters was 
measured by ChIP-chip and corresponding mRNA transcript levels were measured by 
cDNA hybridization to yeast whole genome microarrays. Genomic DNA was used as a 
reference. Each gray spot represents the steady-state transcript level of one gene (log2 of 
the cDNA/genomic ratio) and TBP occupancy at its promoter (rank of the ChIP/genomic 
ratio). A moving-window average (window size 50; step size 1, black line) applied to the 
transcript levels shows the global trend of this relationship. (B) The ChIP enrichment 
values were scrambled relative to the steady-state transcript level values for each gene 
and this scrambled data was plotted as in 'A'. The black line shows the moving-window 
average applied to the transcript levels as before. (C-H) Similar relationships between 
TBP recruitment and steady-state transcript levels are evident when cells are heat 
shocked for 10 min (C, D), 30 min (E, F) or 60 min (G, H). Relationships between TBP 
recruitment and steady-state transcript levels for each pol II gene across the genome are 
plotted individually on a scatter plot (C, E, G) or using a moving-window average as 
described (D, F, H). 
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levels was evident when we applied a moving-window average analysis to the set of data 

that linked fluorescence ratios from the ChIP experiments with the ratios from the cDNA 

hybridizations (line in Figure 2.3A). As a control, the same analysis applied to the same 

data set which had been scrambled to break the link between the ratio values for a gene 

and its promoter, did not reveal any correlation between transcript levels and TBP 

enrichment (Figure 2.3B). In three other conditions – in cells that were subjected to heat 

shock for 10 min, 30 min, or 60 min – during which transcript levels for several hundred 

genes are known to be altered, we observed similar patterns of correlation between the 

TBP occupancy of promoters and the corresponding steady-state level of pol II gene 

transcripts (Figure 2.3C-H). The datasets in Figure 2.3 together include about 61% of all 

genes in the genome. Importantly, the only genes that have been excluded are those 

failing to meet basic data quality criteria or those that are adjacent to pol III promoters. 

This dataset is thus an unbiased representation of the entire genome and reflects the 

global relationship of TBP binding and transcriptional activity. 

 

Compact genome organization and mRNA half-life effects contribute to 

apparent noise 

 Nearly one half of all yeast genes have promoters within an upstream intergenic 

region that is shared with another divergently transcribed gene. In our analysis, the TBP 

binding data from such a common intergenic region is assigned to both potential 

downstream genes. Moreover, the compact nature of the yeast genome can mean that 

ChIP enrichment of one locus because of TBP binding to a site within it can also appear 

as the enrichment of an unrelated promoter region a short distance away because of 

overlaps with randomly fragmented ChIP DNA (Figure 2.4). To examine the possibility 

that this inherent ambiguity in linking the TBP binding data from many intergenic 
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Figure 2.4 The confounding effect of compact genome organization (I) 
The compact arrangement of genes in the yeast genome can give rise to an apparent 
discrepancy between TBP binding and transcriptional activity. Strong binding of TBP to 
the core promoter of gene 1 or gene 4 generates ChIP DNA fragments that can physically 
overlap and hybridize to the core promoter of gene 2 and gene 3. Even if the promoters 
of genes 2 and 3 actually have low levels of TBP binding and are transcribed at low levels, 
the overlapping ChIP DNA hybridization makes it appear as if genes 2 and 3 have strong 
TBP binding but low transcript levels.  
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regions with downstream transcript levels could complicate our analysis of the 

relationship between TBP binding and expression levels shown in Figure 2.3 and 

contribute to the apparent noise, we analyzed the relationship in distinct subsets of 

genes. First, we divided all genes into two sets, one containing only genes that do not 

share a promoter with other genes (Figure 2.5A) and the other containing all the genes in 

divergently transcribed gene pairs (Figure 2.5B). Hierarchical clustering was then used 

to group the rows of data so that loci where TBP binding and expression levels were 

uncorrelated could be easily identified. 

 The three prominent classes of genes where TBP binding and expression levels 

are apparently not well correlated are indicated in Figure 2.5A-B. Class "a" showed 

strong TBP binding but low transcript levels. Most of the intergenic loci in class "a" were 

either near pol III genes but just outside our distance threshold of 1 kb, or were near Ty-

LTRs or other strongly transcribed genes with an intervening short gene (Figure 2.4). 

Class "b" shows the reverse pattern of low TBP binding but high expression levels. Genes 

in this category had a higher than average mRNA half-life (36 min compared to 27 min 

overall based on the data of Wang et al (Wang, Liu et al. 2002), p = 0.014). Class "c" also 

shows strong TBP binding and low transcript levels, and these loci are not near pol III 

promoters or Ty-LTRs. However, this large group of apparently discordant loci appears 

only among the divergently transcribed genes (Figure 2.5B). Class "c" thus represents the 

expected class of genes where the promoter of only one member of a divergently 

transcribed gene pair is strongly bound and regulated by TBP but the same binding data 

(high Cy5/Cy3 ratio) from the ChIP-microarray experiment gets assigned to the other 

member of the pair as well (Figure 2.4). Strikingly, with the exception of subset "b" above, 

there was no large class of genes and promoters with the reverse type of discrepancy 

(weak TBP binding coupled with strong transcription), suggesting that when one or both  
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Figure 2.5 The confounding 
effect of compact genome 
organization (II) 
Relationship between TBP occupancy 
at promoters and steady-state 
transcript levels visualized on a gene-
by-gene basis by plotting microarray 
ratios on a red-green color scale. A 
total of 1570 genes across the genome 
with available data points from each 
of the four mRNA expression 
microarrays as well as the four ChIP 
microarrays are shown here. Each 
column within the two sub-panels 
represents one of four different 
growth conditions – room 
temperature (RT), heat shock 10 min 
(HS10), 30 min (HS30), and 60 min 
(HS60), respectively. (A) Genes that 
do not share their upstream 
intergenic region with other genes. (B) 
Genes that share their upstream 
intergenic region with another 
divergently transcribed gene. The 
labeled black bars to the left of the 
panels in 'A' and 'B' indicate the 
expected or explainable subsets of 
genes showing the greatest disparity 
between transcript levels and TBP 
recruitment. 'a' and 'c' are as 
indicated in the figure; these 
designations were made after manual 
inspection of their chromosomal loci. 
'b' shows genes with higher than 
average mRNA half-lives. 
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of a pair of divergent genes are strongly transcribed, recruitment of TBP to the promoter 

in the shared intergenic region is always necessary. 

 No other features of the genes such as their length, biological function, presence 

of a TATA-box, presence of other promoter motifs, or the type of activator that regulated 

them were correlated with these subsets of genes described above. Since these subsets of 

genes with apparent discordance between TBP binding and expression levels are all 

included in the plots shown in Figure 2.3, they contribute to the apparent noise in the 

data. Outside of these predictable subsets of genes, there are a few exceptions where TBP 

binding is uncorrelated with expression, but in the overwhelming majority of cases, 

strong expression levels correspond to strong TBP recruitment and conversely, low 

transcript levels correspond to low TBP recruitment. Our result therefore indicates that 

the extent of binding of TBP to pol II promoters is generally proportional to the levels of 

transcription throughout the genome, suggesting that the recruitment of TBP is the main 

determinant of the strength of a promoter. 

 

Global changes in mRNA levels are correlated with changes in TBP 

recruitment to promoters 

 The yeast genome gets transcriptionally reprogrammed in response to a variety of 

environmental and growth signals. One example is the heat shock and other stress 

responses which result in the rapid induction or repression of hundreds of genes across 

the genome (Gasch, Spellman et al. 2000). We examined the relationship between 

changes in gene expression and changes in TBP recruitment to promoters under three 

different perturbations. ChIP DNA from unstressed exponentially growing cells was 

labeled with Cy3 and hybridized to microarrays together with Cy5-labeled ChIP DNA 

from cells that were either heat shocked for 10 min, or treated with the DNA damaging 
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agent MMS, or grown to stationary phase. We measured transcriptional induction and 

repression in the same samples by hybridizing Cy3-labeled cDNA from the unstressed 

cells and Cy5-labeled cDNA from the corresponding stressed cells together onto whole-

genome microarrays. The change in TBP ChIP enrichment at each locus was plotted 

along the X-axis and the change in mRNA expression levels of the corresponding gene 

was plotted along the Y-axis in a scatter plot (Figure 2.6A, C, and E). We also analyzed 

the same data sets using a moving window average to better represent the overall trend 

of this relationship (Figure 2.6B, D, and F). The gene-by-gene visualization of the data 

indicates that the correlation between change in TBP binding and transcriptional 

activation or repression is a robust phenomenon observed throughout the genome and is 

not an artifact of the moving-window average analysis (Figure 2.6G, H, and I). 

 As shown in Figure 2.6, strong changes in gene expression at the level of mRNA 

are generally well correlated with changes in TBP recruitment to their promoters. Heat 

shock causes rapid changes in gene expression levels – for instance, it strongly induces 

the stress response genes such as SSE1, HSP10 and HSP82, while repressing ribosomal 

protein gene expression (Gasch, Spellman et al. 2000). As early as 10 min after heat 

shock, TBP recruitment to promoters is well correlated with the strong changes observed 

in gene expression (Figure 2.6A, B, and G). This result is consistent with a model where 

the induction or repression of hundreds of genes across the genome in response to heat 

shock occurs as a consequence of alterations in TBP recruitment to their promoters. A 

similar relationship between changes in TBP recruitment and strong changes in gene 

expression was observed during the global response to stationary phase (Figure 2.6C, D, 

and H) or MMS treatment (Figure 2.6E, F, and I). 

 We examined several cases where there was an apparent lack of correlation 

between changes in TBP recruitment and changes in gene expression. In most cases this  
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Figure 2.6 The relationship between changes in TBP recruitment and 
changes in gene expression after stress perturbations (continued on the 
next page) 
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Figure 2.6 The relationship 
between changes in TBP 
recruitment and changes in 
gene expression after stress 
perturbations  
Changes in TBP recruitment in 
stressed cells relative to normally 
growing cells were determined by 
hybridizing Cy3-labeled ChIP DNA 
derived from the normally grown 
cells together with Cy5-labeled ChIP 
sample from stressed cells on to 
whole-genome microarrays. 
Corresponding cDNA samples 
prepared from aliquots of the same 
cultures harvested just prior to 
formaldehyde crosslinking were 
analyzed in parallel to determine the 
global changes in gene expression. 
The changes in gene expression (log2 

of Cy5/Cy3 ratio) of each gene and 
changes in TBP binding (percentile 
rank of Cy5/Cy3 ratio) at its 
promoter are plotted individually (A, 
C, E) or with a moving-window 
average (window size 50, step size 1) 
applied to the change in gene 
expression levels (B, D, F). A gene-
by-gene visualization of the 
correlation between changes in gene 
expression and changes in TBP 
recruitment during heat shock (G), 
stationary phase (H) and DNA 
damage (I) is shown on a red-green 
color scale as in Figure 2.4. These 
panels show only the subset of genes 
from A-F that had significant 
expression changes (more than 2-
fold). Representative gene names are 
indicated on the right. 
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apparent discrepancy could be attributed to genes with marked differences in regulation 

located in close proximity on the genome, or to the binding of TBP to distinct core 

promoters within the same intergenic region (as depicted in Figure 2.4). Another factor 

contributing to the apparent noise is the fact that across the few growth conditions we 

examined, there were still several hundred genes whose expression levels did not change 

appreciably with the perturbation. We therefore expect there to be some fluctuation 

about the average for spots with relative mRNA expression and ChIP ratios close to 1, 

leading to some scatter around the central values. Notably, we did not observe any large 

classes of genes showing strong changes in gene expression levels, but without a 

corresponding change in TBP recruitment to their promoters. Taken together, our 

results indicate that changes in TBP binding across the genome are well correlated with 

similar changes in mRNA expression levels in response to a number of physiological 

transitions and strongly support the idea that TBP is a universal rate-limiting 

determinant of gene activation as well as repression. 

 

The TATA element is a minor determinant of TBP binding strength and pol 

II transcriptional activity 

 Although TBP is known to be required for the initiation of transcription from 

every RNA pol II promoter, the quality of the core promoter can vary. Many promoters 

contain a consensus TATA element but many others have a weak or no TATA element 

(Pugh and Tjian 1991; Martinez, Chiang et al. 1994). We examined the global 

relationship between the quality of the core promoter and the strength or responsiveness 

of the promoter. We first partitioned all genes into two classes based on whether they 

contained or lacked a canonical TATA element (Basehoar, Zanton et al. 2004) within 

200 bp upstream of the start codon. We then examined whether genes in each class  
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Figure 2.7 The role of a canonical TATA element in determining the strength 
of TBP binding to promoters or pol II gene expression.  
The distribution of data values for TBP binding to its promoter or gene expression (log2 
of Cy5/Cy3 ratios) is shown. All genes were scored for the presence of a canonical TATA 
element within 200 bp upstream of the start codon. Data for genes containing the 
canonical TATA element in their promoters (black bars) and the genes lacking this TATA 
element (gray bars) are plotted separately. The graphs show the relationship between the 
presence of a TATA element and (A) TBP binding in exponentially growing yeast cells at 
room temperature, (B) steady-state transcript levels in exponentially growing yeast cells 
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at room temperature, (C) TBP binding 10 min after heat shock, (D) steady-state 
transcript levels 10 min after heat shock (E), changes in TBP recruitment during a 10 
min heat shock, and (F) changes in gene expression levels during the 10 min heat shock. 
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showed the same behavior with respect to TBP binding or transcriptional activity. In 

exponentially growing cells at room temperature, there was no observable difference in 

the tendency of TATA-containing and TATA-less genes to show extreme values for either 

TBP binding (Figure 2.7A) or steady-state transcript levels (Figure 2.7B). When yeast 

cells were heat shocked for 10 min, it appeared that TATA-containing genes were slightly 

more likely to show high steady-state transcript levels (Figure 2.7D) and TBP binding 

(Figure 2.7C). If we considered the change in expression or a change in TBP binding 

when cells were heat shocked (relative to normal), there was a small increase in the 

tendency of TATA-containing genes to be better bound by TBP (Figure 2.7E) and to be 

transcriptionally induced (Figure 2.7F). If we relaxed the definition of a TATA-box to 

TATAA/TA, we did not observe even this modest difference in the behavior of TATA-

containing versus TATA-less genes (data not shown). 

 Since the differences in the behavior of TATA-containing genes appeared to be 

restricted to induced genes, we examined this bias across all three conditions for which 

we had genome-wide data. Approximately 17% of all yeast genes have the canonical 

TATA-element in their promoters. However, among the genes that were induced in the 

three different growth conditions – heat shock for 10 min, stationary phase and DNA 

damage by MMS – 27%, 27%, and 32% respectively had the canonical TATA element, 

while the proportion of TATA-containing promoters among the genes that were 

repressed in these conditions did not vary from the overall figure. Thus, although TBP 

binding is itself strongly correlated with both transcript levels and change in expression 

levels, the quality of the TATA-element of core promoters has only a modest effect in 

determining either the extent of TBP binding or RNA pol II transcriptional activity and 

may be more relevant in gene induction rather than repression. 

 



 42 

DISCUSSION 

 

 We have combined genome-wide binding distribution assays and expression 

profiling methods to study the genomic role of TBP in vivo. The promoters of tRNA 

genes comprise the overwhelming majority of RNA pol III promoters in the cell and their 

strong and consistent occupancy by TBP likely reflects the high rate of transcription of 

tRNA genes. Yeast RNA pol III has been shown to have high transcription efficiency in 

vitro due to facilitated recycling of the polymerase on TFIIIB-DNA complexes that are 

stable through multiple rounds of initiation (Cloutier, Librizzi et al. 2001; Dieci, 

Giuliodori et al. 2002). Strong binding of the promoter by TBP could maintain the 

stability of TFIIIB complexes and may explain the high transcription efficiency of yeast 

RNA pol III. The 275 nuclear tRNA genes encoded in the genome comprise 39 distinct 

anticodon specificities which suffice to recognize all 61 codons (Percudani, Pavesi et al. 

1997). Multiple tRNA promoters from each of the specific tRNA classes are strongly 

occupied by TBP, regardless of their codon usage bias in protein coding sequences in the 

genome. Thus there appears to be no differential transcription of different tRNA genes 

and our data support the notion that the varying cellular levels of different isoacceptor 

tRNAs reflect their respective copy numbers in the genome (Kanaya, Yamada et al. 1999). 

Interestingly, we observed a moderate decrease in the TBP occupancy of tRNA 

promoters after heat shock or DNA damage, but a slight increase during stationary phase. 

Ribosomal protein gene transcription and protein synthesis are dramatically reduced 

during all three conditions. The reason for this apparent discrepancy between the 

transcription of tRNA genes and ribosomal protein genes is not clear, but it may reflect 

the fact that tRNA promoters are optimized for high levels of transcription and lack 

significant upstream control elements for specific regulation. Analysis by pattern finding 
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programs such as MEME or MDscan did not reveal any overrepresented motifs within or 

upstream of the pol III genes that are strongly bound by TBP other than the previously 

established internal A and B/C boxes. 

 The genome-wide correlation between TBP occupancy of a promoter and 

transcriptional activity is striking in light of the potential diversity of mechanisms for 

regulating transcript levels and achieving activation or repression. Several transcription 

factors such as Hsf1, Skn7, Msn2/Msn4, Crt1, Ssn6, Tup1, Cat8, Sip4, Mot1, Abf1 and 

Rap1 are each involved in the activation or repression of dozens of target genes during 

the growth conditions we have examined here (Sorger 1990; Schmitt and McEntee 1996; 

Huang, Zhou et al. 1998; Li and Reese 2000; Raitt, Johnson et al. 2000; Reid, Iyer et al. 

2000; Haurie, Perrot et al. 2001; Lieb, Liu et al. 2001; Roth and Schuller 2001; Dasgupta, 

Darst et al. 2002). One model for the mechanism for transcriptional activation in vivo is 

that different kinds of activator or repressor proteins affect different steps of the 

initiation process, such as TBP recruitment or a post-TBP binding step such as 

recruitment of the RNA polymerase II holoenzyme complex, formation of the open 

complex, or transcription elongation, to maintain constitutive levels of transcription or 

achieve transcriptional activation or repression. According to this model, it is possible 

that some activators alter other steps but do not alter the recruitment of TBP to the 

promoter. If this were indeed the case, we would expect to see distinct classes of 

promoters where TBP occupancy is not correlated with transcriptional activity. However, 

with the exception of known and predictable classes of genes with this apparent 

discrepancy arising due to compact genome organization (Figure 2.4) we do not 

generally see such behavior. Our genome-wide binding study by itself does not 

distinguish whether TBP binding to the core promoter is a cause or an effect of 

transcriptional activity. However, TBP recruitment to the core promoter is known to be 
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an important prerequisite for transcriptional initiation. Our genome-wide data therefore 

is consistent with a model where TBP recruitment is the dominant mechanism of 

achieving transcriptional control in vivo, regardless of the kind of activator or promoter 

that is being utilized. Our data do not exclude the possibility that transcription factors 

alter other steps of the initiation process in addition to altering TBP recruitment. Also, 

we do not distinguish between distinct mechanisms of affecting TBP recruitment such as 

through direct protein-protein interactions of an activation domain with TBP or its 

associated factors (Chen, Farmer et al. 1993; Goodrich, Hoey et al. 1993), or by recruiting 

other chromatin modifying factors and altering local chromatin structure and indirectly 

affecting TBP occupancy of the promoter (Imbalzano, Kwon et al. 1994). 

 Given that mRNA stability is an important mode of regulating gene expression 

(Beelman and Parker 1995; Sheth and Parker 2003), it is striking that steady-state RNA 

levels in the cell are predominantly and globally correlated to TBP binding, which may be 

considered to be an indicator of the rate of initiation. The steady state level of a 

transcript is expected to depend on both the rate of initiation and the half-life of the 

message. However, our data indicate that with the exception of a small subset of 

messages with high mRNA half-lives, the steady-state levels of most transcripts are more 

strongly correlated with the rate of initiation. This could reflect the predilection of the 

cell for exercising control over gene expression at the earliest step – transcription 

initiation – rather than to transcribe messages and differentially regulate mRNA stability. 

Our results indicate that yeast promoters lacking a canonical TATA element are capable 

of being strongly occupied by TBP and initiating transcripts at levels comparable to 

promoters with canonical TATA-boxes, although TATA-containing genes are somewhat 

more likely to show higher levels of TBP binding and induction (Figure 2.7). Moreover, 

the TBP occupancy of the TATA-less promoters is equally capable of being modulated in 
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response to physiological signals, suggesting that even at TATA-less promoters, 

activation and repression can be achieved through the modulation of TBP recruitment to 

the promoter. The slightly increased likelihood that we have observed for TATA-

containing promoters to be strongly occupied by TBP or highly expressed during heat 

shock is consistent with observations from independent recent studies (Basehoar, 

Zanton et al. 2004). It is unclear however whether this is difference truly affects only 

transcription induction as opposed to repression. We observed that TATA-less genes 

repressed by stress (e.g. ribosomal protein coding genes) show reduction of TBP binding 

similar to TATA-containing genes when they are turned off; when cells return to 

favorable growth conditions, these TATA-less genes must conversely show increased 

TBP binding as they are turned on again. It is possible that TBP binds at these "TATA-

less" promoters to non-consensus elements. TBP associated factors (TAFs) can promote 

the binding of TBP to TATA-less promoters and it is possible that they have a greater 

relevance at TATA-less promoters (Martinez, Chiang et al. 1994). 

 Although the importance of TBP recruitment in the activation process has been 

studied previously for a small number of genes, our data and analysis represent the first 

detailed look at its global role in determining steady-state transcript levels and 

modulation of gene expression at the level of transcription. Our results are consistent 

with a model where transcriptional activation and repression in yeast involve TBP 

recruitment to the core promoter as the predominant, if not exclusive mechanism for 

modulating transcript levels. This step of the initiation process appears to be of global 

importance across the genome, without regard to the nature of the activator, the quality 

of the core promoter, or the physiological state of the cell. Given the strong conservation 

of TBP and the rest of the general transcription machinery, it will be interesting to 

examine whether this situation prevails in other organisms as well. 
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CHAPTER THREE: Mapping DNA-Protein Interactions in Large 

Genomes by STAGE: Sequence Tag Analysis of Genomic Enrichment2 

 

 

INTRODUCTION 

 

 Determining where and when regulatory proteins bind to the genome in vivo is 

important for reconstructing the gene regulatory networks that underlie cellular function 

(Lee, Rinaldi et al. 2002; Pollack and Iyer 2002; Yu, Luscombe et al. 2003). The binding 

of a transcription factor to its chromosomal targets can be assayed by formaldehyde 

crosslinking and chromatin immunoprecipitation (ChIP)(Orlando and Paro 1993; Strahl-

Bolsinger, Hecht et al. 1997). ChIP has been combined with DNA microarray (chip) 

hybridization to allow the comprehensive genome-wide identification of the direct 

chromosomal targets of transcription factors. The ChIP-microarray method was initially 

developed for yeast (Phimister 1998), where it is straightforward to make complete 

intergenic microarrays that encompass all potential protein-binding and regulatory 

promoter regions in the genome. This genomic method has been used to define the 

targets of more than a hundred transcription factors in yeast (Ren, Robert et al. 2000; 

Iyer, Horak et al. 2001; Lee, Rinaldi et al. 2002). 

 Although the ChIP-microarray method has also enabled the identification of large 

numbers of direct transcription factor binding targets in Drosophila and human (Ren, 

Cam et al. 2002; Weinmann, Yan et al. 2002; Sun, Chen et al. 2003), it is not yet feasible 

                                                 
2 Reproduced in part from Kim, J., A. A. Bhinge, et al. (2005). Nat Methods 2(1): 47-53. 

Appropriate permission has been granted by the publisher. 
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to apply this approach in large and complex genomes in a comprehensive and unbiased 

manner. Promoter microarrays based on core promoters (Ren, Cam et al. 2002) or CpG 

islands from the human genome (Weinmann, Yan et al. 2002) cover only a small fraction 

of all potential regulatory regions or protein binding sites and may not adequately 

represent regulatory elements that are distant from genes or in introns. Complete 

chromosomal arrays based on tiling PCR products (Martone, Euskirchen et al. 2003) or 

oligonucleotides (Cawley, Bekiranov et al. 2004) have been made for the smallest human 

chromosomes. However, extending such arrays to the entire human genome is expensive, 

and such arrays are currently unavailable to most researchers. Importantly, although 

these efforts are underway for the human genome and some model organisms, the 

development of similar platforms for the mouse, plants, prokaryotes and many other 

model organisms lags considerably behind. 

 We address some of the current limitations in the global analysis of DNA-protein 

interactions by developing a novel unbiased genomic method to identify the direct 

chromosomal targets of transcription factors without the need for whole genome 

microarrays. We term this method STAGE (Sequence Tag Analysis of Genomic 

Enrichment). STAGE is based on high-throughput sequencing of concatamerized defined 

tags derived from DNA enriched by ChIP. Cloning and sequencing of ChIP DNA has been 

carried out previously (Weinmann, Bartley et al. 2001), but these efforts did not 

constitute a high-throughput genomic approach. Just as SAGE represents a quantitative 

high-throughput mRNA profiling technology that is distinct from cDNA and EST 

sequencing (Velculescu, Zhang et al. 1997; Zhang, Zhou et al. 1997), STAGE is a novel 

method that can facilitate high-throughput identification of ChIP enriched loci. As a 

demonstration of its utility, we first used STAGE to map the targets of TATA-box binding 

protein (TBP) in yeast. We then optimized the STAGE method and developed analysis 
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algorithms to define the binding targets of transcription factors on the human genome. 

We have successfully used STAGE to identify several known and novel binding targets of 

transcription factor E2F4 in human cells. 
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MATERIALS AND METHODS 

 

Cells and antibodies 

 Yeast cells with a triple-HA tagged TBP derivative(Kuras and Struhl 1999) were 

grown at 25°C in synthetic complete medium minus uracil, collected by centrifugation, 

resuspended in an equal volume of pre-warmed 39°C medium, and returned to 39°C for 

growth. After 10 minutes, cells were crosslinked by adding 1% (final concentration) 

formaldehyde. Anti-HA antibody at a 1:100 dilution was used. 

 A human fibroblast cell line derived from foreskin (ATCC CRL 2091) was grown 

to about 60% confluence in 15 cm plates in DMEM containing glucose (1 g/liter), 

antibiotics, and 10% FBS (Hyclone). Cells were washed twice with the same medium 

lacking FBS, and low-serum medium (0.1% FBS) was added to the plates. After a 72-hour 

incubation, formaldehyde was added (final 1%) to crosslink the cells. Anti-E2F4 antibody 

(sc-1082x, Santa Cruz) at a 1:100 dilution was used for ChIP. 

 

STAGE  

 Crosslinking, ChIP, and amplification of ChIP DNA fragments were performed as 

described previously (Iyer 2003), but using a 3'-biotinylated primer for random 

amplification. We then essentially followed the LongSAGE protocol 

(http://www.sagenet.org/) for subsequent steps, but using amplified and biotinylated 

ChIP DNA fragments as the starting material. Briefly, amplified DNA fragments (1-2 µg) 

were cleaved with NlaIII and the 3'- or 5' -terminal DNA fragments were bound to 

streptavidin-coated magnetic beads (Dynal) and separated into two tubes. After ligation 

with linker 1 or 2, which contains recognition sites for the MmeI type IIS restriction 

endonuclease, the DNA fragments were released from the beads by digestion with MmeI. 
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The released tags were ligated to one another to generate ditags without polishing the 

ends. Ditags were amplified with nested primers, gel purified, and trimmed by digesting 

with NlaIII. Trimmed ditags were gel purified, concatamerized by ligation, and cloned 

into the pZero 1.0 vector (Invitrogen). The insert size was assayed in recombinant clones 

and clones containing at least 10 ditags were sequenced. The total number of sequenced 

tags, and the number of orphan and ambiguous tags from all experiments are shown in 

Appendix A. 

  

Subtraction STAGE (SubSTAGE) 

 E2F4 ChIP DNA samples were amplified as described previously (Iyer 2003) 

using a normal, unbiotinylated primer, but with 20 cycles of PCR. 1 µg of this amplified 

ChIP DNA was used as the tester. Sheared human genomic DNA (average length 1 kb) 

was also amplified in the same manner but with a biotinylated primer. A 4x or 15x excess 

of amplified genomic DNA (4 µg or 15 µg of amplified genomic DNA, shown in Fig. 3b) 

was used as a driver. Driver DNA was incubated at 72 °C for 15 min in 10 mM Tris-Cl 

(pH 7.5), 1.0 mM EDTA and 100 mM NaOH solution. 100 µl of pre-washed streptavidin-

coated magnetic beads (Dynal) were added to the driver DNA and incubated at room 

temperature for 20 min with occasional mixing. These genomic DNA driver strands were 

immobilized using a magnet and the supernatant removed. The beads were washed three 

times with 1x BW buffer (5 mM Tris-Cl (pH 7.5), 0.5 mM EDTA and 1 M NaCl). 1 µg of 

tester DNA in 200 µl of 1x BW buffer was added to the beads + genomic DNA driver 

strands. The samples were denatured by incubation at 95 °C for 5 min and cooled slowly 

to room temperature to form tester-driver heteroduplexes. An additional 100 µl of 

streptavidin-coated magnetic beads were added to the reaction and incubated at room 

temperature for 20 min with occasional mixing. The beads were then magnetically 
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immobilized and the supernatant was transferred to a new tube. 100 µl of streptavidin-

coated magnetic beads were added again to the tube and incubated at room temperature 

for 20 min and supernatant was transferred to a new tube. After three such rounds of 

selection, the subtracted DNA fragments were finally transferred to a new tube, 

precipitated, and resuspended in water. Subtracted DNA fragments were tested by PCR 

(Figure 3.3B) and used as the input for STAGE as described above. For the mock IP 

control and reference samples in Figures 3.3, 3.4 and 3.5, the antibody was left out. For 

generating the genomic control STAGE library, sheared normal human genomic DNA 

was randomly amplified and carried through the STAGE protocol. 

 

Data analysis and scoring 

 STAGE yields a list of tags with their number of occurrences in the pool. This 

number is hereafter referred to as nocc. Each valid STAGE tag has anywhere between 

one and several thousand perfect matches on the human genome. The number of 

matches is hereafter referred to as nhit. Our algorithm for defining target genes was 

based on the following steps. 

1) Map the tags to the human genome. 

2) Assign a score to each tag based on nocc and nhit. 

3) For each gene, identify tags near the gene within a user-defined window. 

4) Calculate a cumulative score for that gene based on the scores of all tags in the given 

window size. 

5) Compare these scores to the experimental or computational control. 

6) Genes that show a significantly higher score than the control are taken as possible 

targets. 
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 For each gene, tags within a user-defined window upstream and downstream 

from the transcription start site were used to score the gene. First, the score of each tag 

was calculated based on the following equations that take into account its nocc and nhit 

values: 

Tag score = (nocc - expfreq) / expfreq 

 Where expfreq is the expected frequency of a given CATG 21-mer in the pool of 

tags, given by: 

(1 / Total CATG) * nhit * (total pool of tags) 

 Total CATG is the total number of CATG 21-mers found in the human genome 

and is approximately 2.7 x 107. The tag score is inversely proportional to the likelihood of 

finding a given tag in the STAGE library by chance. In order to reduce the sensitivity of 

the tag score to nhit, initial tag scores were scaled using a hyperbolic function to restrict 

them to a range of 0 to 1000. To increase sensitivity to nocc, the final tag score was 

assigned as: 

Final tag score = Tag score (scaled) * nocc. 

 Each gene was first assigned a raw gene score after taking into account the 

individual tag scores of the tags assigned to that gene. For the initial determination of 

targets in Table 2, we used a window of 2 kb upstream and 1 kb downstream of the 

defined start of transcription. The gene scores were rewarded if different tags were 

assigned to the same gene and penalized if tags were repeated. For this study a reward of 

10 and a penalty of 5 were empirically chosen. For all analyses, we used the July 2003 

build of the Human Genome sequence assembly available at http://genome.ucsc.edu. 

Genes used in our analysis were based on the RefSeq Genes annotation computed at 

UCSC (Karolchik, Baertsch et al. 2003). 
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Controls 

 Two types of controls were used for comparison with experimental scores. For an 

experimental control, we performed STAGE on input genomic DNA without any ChIP. 

The background tag distribution was sampled and used to calculate background gene 

scores for all genes in the same manner as described above. Raw gene scores from the 

ChIP STAGE libraries were divided by control scores to obtain the final gene score. For a 

computational control, 2000 tags were randomly selected from the redundant library of 

all CATG 21-mers and these tags were used to generate scores for each gene as described 

above. The computational control was iterated 500 times to obtain a distribution of 500 

scores for each gene. For each gene, these values were fitted to a normal distribution and 

experimental scores with p-values less than 0.001 were taken as being significant. 

 

Microarrays 

 Yeast whole-genome microarrays including all ORFs and intergenic elements 

were manufactured as described previously (Iyer, Horak et al. 2001; Iyer 2003). A 

GenePix 4000B scanner (Axon Instruments) was used for scanning microarrays and 

fluorescence intensities were quantified using GenePix Pro 4.0 (Axon Instruments). Data 

were uploaded to a database for further analysis (Killion, Sherlock et al. 2003). PCR 

amplification, fluorescent labeling of ChIP DNA fragments, and hybridization were 

performed as described previously (Iyer 2003). The reference hybridization probe was 

generated from sonicated wild-type yeast genomic DNA processed identically to the ChIP 

DNA samples. The enrichment value of TBP ChIP was calculated by ranking genomic loci 

according to their red to green (R/G) fluorescence ratios. We determined the percentile 

rank (0-100) for each array element and either used it directly as a measure of 
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enrichment (Figure 3.2B) or used the median percentile rank for each element from 

three replicate hybridizations (Figure 3.2A). When multiple microarray elements could 

potentially represent the promoter of a gene, we averaged their percentile ranks. 

 PCR primer-pairs for the human core promoter microarray (Odom, Zizlsperger et 

al. 2004) were purchased from the Whitehead Institute, Cambridge, MA. Promoter loci 

were amplified by PCR as recommended and microarrays were manufactured as 

previously described. PCR products corresponding to 33 additional promoter and 

control loci, including the genes listed in Appendix B were included on the array. E2F4 

ChIP DNA fragments and the mock IP reference samples were amplified and labeled by 

ligation-mediated PCR, using Cy5 and Cy3 respectively (Ren, Robert et al. 2000). The 

two fluorescently labeled samples were simultaneously hybridized to the promoter 

microarray and enrichment of target loci in the ChIP was calculated by ranking the 

Cy5/Cy3 (red/green) fluorescence ratios. 

 

PCR and primers 

 Thirty cycles of PCR were performed for the samples in Figure 3.3 and 3.4 in a 25 

µl reaction volume with 1 µl (4 %) of immunoprecipitated material. To assay E2F4 

binding to the promoter regions of predicted target genes or for controls, we designed 

the primer sets approximately between -400 bp and +1 of the transcription start site. 

Primers to the ninth exon sequence of CCNB1 were designed for use as negative control 

NC1 (Figure 3.3 and 3.4). Primers for amplifying the 400 bp core promoter region of the 

beta-actin gene served as an additional negative control (NC2). All primer sequences are 

shown in Appendix B. 
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RESULTS 

 

STAGE identifies chromosomal targets in yeast 

 STAGE is conceptually derived from SAGE (Serial Analysis of Gene Expression) 

(Velculescu, Zhang et al. 1995; Velculescu, Vogelstein et al. 2000). However, the 

template for STAGE consists of genomic loci enriched after ChIP rather than mRNA, as 

is the case with SAGE. Briefly, transcription factors are crosslinked to their target sites in 

vivo with formaldehyde. After chromatin immunoprecipitation (ChIP) with a specific 

antibody against a given transcription factor, the recovered DNA fragments are amplified 

by PCR using biotinylated degenerate primers and digested with the four-base cutter (5'-

CATG) restriction endonuclease NlaIII. Biotinylated fragments are isolated using 

streptavidin beads and ligated to linkers containing a recognition site for MmeI, a type 

IIS enzyme. Digestion with MmeI releases 21 bp tags anchored to NlaIII sites derived 

from DNA fragments enriched after ChIP. Multiple tags are concatamerized, cloned and 

sequenced (Figure 3.1). Mapping each tag back to the genome sequence can identify the 

loci that were present in the ChIP sample and thus identify protein binding loci. 

 We first used STAGE to identify the targets of yeast TATA-box binding protein 

(TBP) in a proof-of-principle experiment. Out of a total of 1344 sequenced tags, 294 

(22%) did not match any sequence in the yeast genome. We therefore used the remaining 

1050 tags for further analysis. We defined the term "hit" to denote the number of times 

that the exact sequence of a given STAGE tag could be found in the whole genome, and 

"occurrence" to denote the number of times that a given tag was found within the total 

library of sequenced tags. Of the 1050 valid STAGE tags, 433 showed multiple hits on the 

genome and could not be assigned unambiguously to a single gene. 77 tags had single  
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Figure 3.1 The STAGE strategy  
Proteins are crosslinked to their binding sites in vivo with formaldehyde and chromatin 
is extracted and sheared. The cross-linked protein-DNA complexes are 
immunoprecipitated (ChIP), crosslinks are reversed and ChIP DNA is amplified by PCR 
using biotinylated primers. Amplified DNA fragments are digested with NlaIII, which 
cuts at 5'-CATG sites. Fragments with NlaIII ends are isolated by binding to streptavidin 
beads. They are separately ligated to one of two linkers containing an MmeI site, then 
incubated with MmeI, which cleaves 21 bp adjacent to its recognition site. The 21 bp tags 
attached to linkers are isolated and ligated to create ditags. Ditags are amplified by PCR 
using nested primers and trimmed by digesting with NlaIII. Trimmed ditags are gel 
purified, concatamerized by ligation, cloned and sequenced. 
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hits but had no annotated genes within 1 kb of the tag location. The remainder 

comprised 437 distinct tags, each of which had only one hit on the yeast genome and was 

located within 1 kb of the start of a gene. 

 

Genome-wide binding distribution of TBP 

 Of the 437 distinct tags, 378 occurred only once in the total STAGE pool while 59 

showed multiple occurrences. Together they corresponded to 350 putative TBP target 

genes. 79 putative targets were represented by more than one tag occurrence. The sole 

striking feature about the abundant tags in our STAGE pool was their proximity to an 

RNA pol III promoter; a large majority of these tags mapped within 1 kb of an RNA pol 

III promoter. Based on this observation, and on the fact that pol III promoters are 

known to be the most prominent targets of TBP (Roberts, Stewart et al. 2003; Kim and 

Iyer 2004), we could assign the pol III transcribed gene as the putative target when a tag 

mapped near it. In other cases, the nearest gene was assigned as the putative target. 

Table 3.1 shows the tags that occurred multiple times in the STAGE pool, as well as their 

putative target genes. 68 out of 79 targets represented by multiple tags were RNA pol III 

genes. 64 of these 68 were tRNA genes while four were other RNA pol III genes. Table 

3.2 shows the TBP target genes that are identified by at least 5 total tag occurrences. 

STAGE thus identified a large number of the prominent chromosomal targets of TBP in 

yeast. 

 Approximately 60% of the tags (256 out of 433) with multiple hits on the yeast 

genome were adjacent to ribosomal DNA (rDNA) genes which consist of 100-200 

tandem copies of a 9.1 kb sequence on chromosome 12 (Johnston, Hillier et al. 1997). 

Many other multiple-hit tags were derived from transposon-, LTR-, and telomere-related 

sequences, which are also highly repeated in the yeast genome. This raised the possibility  
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Table 3.1 Yeast TBP STAGE tag sequences that have multiple occurrences 

 
Tag sequences including the 4 bp NlaIII site (5'-CATG) are shown. The number of times 
the tag occurred in the STAGE pool is indicated by nocc. Target genes were designated as 
described in the text. 
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Table 3.2 TBP target genes represented by at least 5 total tag occurrences  
 

The number of tag occurrence in the yeast TBP STAGE library is indicated by nocc. The 
total number of tag occurrence designating target gene is indicated by Tn. 
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that STAGE tags with multiple hits were observed in part because of their increased copy 

number in the background genomic DNA that persists through the ChIP. To confirm that 

the multiple-hit tags arose from repetitive DNA rather than loci that were bound by TBP 

and enriched in the ChIP, we performed STAGE on ChIP samples derived from an HSF1 

ChIP (Hahn, Hu et al. 2004). We found a similar proportion of multiple-hit tags that 

were located in repeated sequences such as ribosomal DNA and transposons (data not 

shown). 

 

Validation of STAGE targets by microarray hybridization 

 In order to independently verify whether the putative targets identified by 

STAGE represented bona fide targets of TBP, we determined the binding distribution of 

TBP by ChIP-microarray, either using an aliquot of the same TBP ChIP sample that had 

been analyzed by STAGE (Figure 3.2A) or using an independent TBP ChIP sample 

(Figure 3.2B). ChIP DNA samples were amplified and hybridized to whole genome (ORF 

+ intergenic) microarrays in conjunction with amplified genomic DNA fragments used as 

the reference. The occupancy of each promoter by TBP was indicated by its overall 

enrichment in the ChIP, which was calculated as the median percentile rank of 

enrichment across multiple microarrays (Iyer, Horak et al. 2001) (see Methods for 

details). 

 Figure 3.2 shows the number of TBP targets identified by STAGE within different 

ChIP-microarray enrichment value intervals. In general, STAGE identified increasing 

numbers of genes as TBP targets with increasing enrichment in the ChIP as measured by 

microarrays (gray line in Figure 3.2A). This relationship was more pronounced when we 

considered only the subset of genes that were identified as TBP targets by more than one 

tag occurrence (black line in Figure 3.2A). 92% of the putative TBP targets represented  
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Figure 3.2 Correlation between yeast targets predicted by STAGE and ChIP-
microarray  
The enrichment value of yeast TBP targets after ChIP was determined by microarray 
hybridization. The percentile rank (0 to 100) of the ratio of ChIP enriched fragments to 
genomic DNA was used to determine the ChIP enrichment value for each locus (see 
Methods for details). For each interval of TBP ChIP enrichment values plotted on the X-
axis, the number of targets predicted by STAGE is plotted on the Y-axis. (A) Comparison 
between STAGE and ChIP-microarray where the same sample was analyzed by both 
methods. The gray line indicates all predicted STAGE targets, while the black line 
indicates only the subset of 79 target genes predicted by multiple tag occurrences. (B) 
Same as 'A' except that an independent ChIP sample was analyzed by microarray 
hybridization. 
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by at least 2 tag occurrences had high enrichment values (>90) in the ChIP-microarray 

experiment. In the comparison of STAGE and ChIP-microarray where the two ChIP 

samples were independently generated, we similarly found that 91% of the targets 

predicted by at least 2 tag occurrences showed high enrichment values (Figure 3.2B). 

Thus, identification of chromosomal targets by STAGE correlates very well with genome-

wide ChIP-microarray data, especially when the target genes were designated by 

multiple occurrences of STAGE tags. Because the depth of our sequencing of STAGE tags 

is not exhaustive, we expect that this analysis has identified only the most prominent 

chromosomal targets of TBP. 

 

Using STAGE to identify human transcription factor targets 

 We used human transcription factor E2F4 as a test case to apply and optimize the 

STAGE procedure and analysis methods in human cells. E2F4 is a member of the E2F 

family of transcriptional regulators that functions as a transcriptional repressor in 

quiescent and early G1 cells (Cam and Dynlacht 2003). We first performed ChIP using an 

anti-E2F4 antibody and verified the interaction of E2F4 in vivo with the promoters of 

known target genes by promoter-specific PCR (Ren, Cam et al. 2002) (Figure 3.3A). We 

then constructed a human E2F4 STAGE library from these validated ChIP samples in the 

same manner as the yeast TBP STAGE library. 

 In order to reduce and account for the expected background of genomic DNA that 

occurs during ChIP, we introduced two enhancements to the STAGE method. First, we 

introduced a subtraction step in order to reduce the background from non-specific 

genomic loci that are not true binding targets. Briefly, DNA fragments enriched by ChIP 

were randomly amplified by PCR with degenerate primers and in parallel, sheared 

genomic DNA fragments were amplified using biotinylated degenerate primers. ChIP  
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Figure 3.3 ChIP of E2F4 targets and validation SubSTAGE procedure by 
ChIP-PCR  
(A) Binding of human E2F4 to known target promoters in fibroblasts. PCR was 
performed using primers corresponding to the promoters of the indicated genes (B) The 
subtraction procedure leads to improved enrichment of the RAD54L promoter in ChIP. 
The ninth exon of CCNB1 was used as a negative control for ChIP enrichment (NC1). 'M' 
indicates a size ladder.  
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DNA was hybridized to an excess of biotinylated genomic DNA and biotin containing 

heteroduplexes were removed by binding to streptavidin beads. The remaining DNA was 

used as the input for STAGE. We observed enhanced enrichment of E2F4 targets 

following this additional subtraction step (Figure 3.3B). This additional library, the E2F4 

Subtraction STAGE (hereafter SubSTAGE) library, was used for a separate analysis. 

 Additionally, we generated a STAGE library from normal, unselected human 

genomic DNA to profile the distribution of tags arising from backgroundgenomic DNA 

that is not specifically selected by ChIP. This background STAGE library could thus serve 

as a control during analysis to account for background arising from biases in the 

representation of STAGE tags in highly repetitive regions of the genome. A sheared 

human genomic DNA pool (average size 1 kb) was randomly amplified using a 

biotinylated primer and used to generate a genomic STAGE library. A subset of this 

genomic STAGE library was used as the background library for the analysis of 

SubSTAGE tags. We analyzed approximately 3,500 valid tags in order to identify targets 

of E2F4 in human cells.  

 

Targets of human transcription factor E2F4 

 For identifying E2F4 targets by STAGE, we began by considering the well-

annotated set of approximately 20,000 human genes from the RefSeq annotation 

database as potential targets (Karolchik, Baertsch et al. 2003; Pruitt, Tatusova et al. 

2003). To overcome the ambiguity inherent in mapping many 21-mer tags to specific 

locations on the human genome, we developed an algorithm to score tags and genes as 

putative targets. The algorithm took into account the uniqueness of a given tag, the 

occurrence of the tag in the STAGE tag pool, and the probability of multiple tags 

clustering near each other on the genome to indicate true binding events. We assigned 
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each distinct tag in a given STAGE pool a tag score based on the number of its hits on the 

human genome and number of occurrences in the given STAGE pool. Details of the 

scoring method are described in Methods. Essentially, a higher number of hits on the 

genome lowers the tag score, and a higher occurrence number in the STAGE pool raises 

the tag score. For each human gene in the RefSeq set of well-annotated genes, a raw 

score was initially calculated by summing the tag scores of all the tags found within a 3 

kb window spanning the transcription start site. We calculated the raw score of every 

gene separately based on tags present in the E2F4 ChIP STAGE library, the E2F4 ChIP 

SubSTAGE library, and each of the background genomic STAGE libraries. The final 

STAGE enrichment score for each gene was calculated by dividing its raw score from the 

ChIP STAGE library by its raw score from the appropriate background genomic STAGE 

library. The STAGE enrichment score for a gene is thus indicative of the enrichment of 

its promoter in the ChIP. 

 Table 3.3 shows the 48 putative target genes of E2F4 with STAGE enrichment 

scores greater than a threshold of 900 in either of the two STAGE libraries. Most of these 

target genes were designated by at least one unique tag sequence that had a single hit on 

the entire human genome. In addition to previously known targets of E2F4, such as 

RAD54L, SLC3A2 and MAP3K7 which had been identified through the use of a human 

core promoter microarray (Ren, Cam et al. 2002), our analysis identified several novel 

targets for E2F4 that had not been identified in previous ChIP-microarray studies. 

 Table 3.4 shows the raw scores of target genes in each STAGE library. Many of 

the genes with high raw scores but low STAGE enrichment scores were mitochondrial 

genes. The mitochondrial genes as a group had a tendency towards a high number of 

unique tags with relatively low hit numbers. Their apparent enrichment in the ChIP 

STAGE library is likely due to the higher copy numbers of mitochondrial genome relative  
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Table 3.3 Human E2F4 targets predicted by STAGE 

 
 
An asterisk indicates a bidirectional promoter (a promoter driving the expression of two 
mRNAs in opposite directions).  
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Table 3.4 Gene scores from E2F4 STAGE and SubSTAGE 
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to the nuclear genome. This validates our use of the background genomic STAGE library 

as a means of filtering out ChIP background. 

 We also performed computational simulations of the occurrence of background 

tags in order to obtain a significance value for the enrichment of STAGE tags from ChIP. 

Briefly, 2000 tags were selected at random from the redundant set of all possible STAGE 

21-mers in the human genome (5'-CATG(N)17). These random tags were then used to 

generate a score for every gene using the same algorithm with the same parameters as 

above. The entire procedure was iterated 500 times, with an independent set of tags 

being selected randomly each time. All the scores thus obtained for each gene were fit to 

a normal distribution. The experimentally observed score for a particular gene was then 

compared to this distribution and a p-value for the score was obtained. All  the putative 

targets defined earlier and listed in Table 3.3 had scores with p-values much lower than 

0.001. The beta-actin gene used as a negative control (ACTB) had a p-value significantly 

higher than this threshold (p > 0.5). 

 

Validation of STAGE in human cells 

 We performed conventional ChIP-PCR analysis to independently verify the 

binding of E2F4 to the promoters of targets predicted by STAGE. From the 45 putative 

target promoters shown in Table 3.3, we selected 18 genes at random for validation by 

promoter-specific PCR. All of the primer sets were designed to amplify a region between 

approximately 400 bp upstream and the transcription start site of each gene. We 

detected the enrichment of promoter fragments from 15 genes in the ChIP DNA (Figure 

3.4), indicating that these promoters were indeed bound by E2F4 and validating the 

STAGE method. With the inclusion of the previously known target RAD54L (Figure  
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Figure 3.4 Validation of STAGE targets by ChIP-PCR.  
A subset of 18 promoters out of the 45 predicted by STAGE were randomly chosen. E2F4 
binding to the promoters of the indicated genes was assayed by promoter specific PCR. 
NC1 is the ninth exon of CCNB1 and NC2 is the promoter of beta-actin (ACTB); they 
represent negative controls. SNRPD2 and FLJ20084 are divergently transcribed. The 
putative targets of E2F4 predicted by SubSTAGE are marked by an asterisk. 
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3.3A), we could thus validate 16 out of 19 (84%) binding targets that were predicted by 

STAGE. 

 We used ChIP-microarray to further validate the binding of E2F4 to promoters 

identified by STAGE. For this, we printed a human promoter microarray that contains 

approximately 9,500 core promoters from well annotated human genes (Odom, 

Zizlsperger et al. 2004). DNA from an independent E2F4 ChIP was amplified and 

labeled with Cy5, and hybridized to the promoter microarray together with a mock IP 

sample labeled with Cy3 (see Methods for details). The ratio of Cy5/Cy3 (red/green) 

signal is indicative of the binding of E2F4 to the locus indicated by a given spot. Many 

previously unknown E2F4 target genes that were newly predicted by STAGE were indeed 

enriched in the independent ChIP-microarray as indicated by red/green ratios greater 

than 1 (Figure 3.5A). STAGE identified increasing numbers of genes as E2F4 targets with 

increasing enrichment in the ChIP-microarray (Figure 3.5B) Of the 48 E2F4 target genes 

predicted by STAGE, 26 were represented on the microarray. 10 of these 26 genes (38%) 

had ChIP-microarray enrichment values ranking in the top 5% of all loci, indicating they 

were bona fide targets. This overlap between the targets predicted by STAGE and by 

ChIP-microarray, although modest, is highly significant (p < 10-7 based on sampling 

permutations), showing that STAGE enables the identification of target loci in human 

cells. This overlap between the targets identified by the two very different technologies is 

comparable to the 43% overlap we observed between our ChIP-microarray targets and 

the set of E2F4 targets previously reported in the literature also using the ChIP-

microarray approach (Ren, Cam et al. 2002; Weinmann, Yan et al. 2002). 

 In addition to the identification of E2F4 targets based on the occurrence of tags 

within a 3 kb window proximal to annotated genes (as described in Methods), we 

separately scored genes as putative targets based on the presence of tags within a -10 kb 
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Figure 3.5 Validation by 
ChIP-microarray of E2F4 
targets predicted by 
STAGE  
DNA from an E2F4 ChIP was 
amplified and labeled with 
Cy5, and hybridized to a 
human core-promoter 
microarray together with a 
mock IP sample labeled with 
Cy3. The ratio of Cy5/Cy3 
(red/green) signal is 
indicative of the binding of 
E2F4 to the locus indicated by 
a given spot. (A) Novel targets 
identified by STAGE (see 
Table 3.3 and Figure 3.4) 
include SNRPD2, QPCTL, 
DRF1, ARHGAP11A, TOPK, 
CSTF3 and PSMA4. 
Previously known E2F4 
targets that were also 
identified by STAGE are 
SLC3A2, RAD54L and 
MAP3K7. ACTB is a negative 
control. (B) Correlation 
between targets predicted by 
STAGE and ChIP-microarray. 
The average percentile rank 
(0 to 100) from two 
microarray hybridizations, of 
the ratio of ChIP enriched 
fragments to mock IP control 
DNA was determined for each 

spot on the microarray. For each interval of E2F4 ChIP enrichment values plotted on the 
X-axis, the number of targets predicted by STAGE (total 26) is plotted on the Y-axis. Ten 
STAGE predicted targets rank in the top 5 % of all spots on the microarray, 
corresponding to an R/G ratio greater than 2. 
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to -6 kb region or within a -6 kb to -2 kb region relative to the start of transcription, or 

within the first intron. This analysis identified 48, 43, and 17 additional putative targets 

respectively, as listed in Tables 3.5, 3.6 and 3.7. Some of these additional putative targets 

such as ACR, FLJ22353, and ULBP3 had also been identified in our analysis based on 

the 3 kb proximal region (Table 3.3). It is possible that E2F4 binds to multiple sites at 

varying distances upstream of some of its target genes. Approximately 1400 unique 

STAGE tags were derived from regions of the genome that were not within 10 kb 

upstream or within the first intron of any gene. Although we have not validated these as 

true E2F4 binding sites, binding to sites outside promoters would be consistent with 

recent reports describing such binding by NF-κB (Martone, Euskirchen et al. 2003), c-

myc and Sp1 (Cawley, Bekiranov et al. 2004). 
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Table 3.5 Human E2F4 targets predicted by STAGE: between 10kb and 6kb 
upstream of transcription start site 
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Table 3.6 Human E2F4 targets predicted by STAGE: between 6kb and 2kb 
upstream of transcription start site 
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Table 3.7 Human E2F4 targets predicted by STAGE: first intron 
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DISCUSSION 

 

 STAGE is a novel unbiased genomic method for identifying the chromosomal 

binding targets of proteins that interact with DNA. We have demonstrated the validity of 

the approach in yeast and in human cells. The chromosomal targets of yeast TBP 

predicted by STAGE were verified by ChIP-microarray. The predicted targets of human 

E2F4 were verified by promoter-specific PCR as well as ChIP-microarray. STAGE 

identified many novel target genes of E2F4 in human fibroblasts that had not been 

identified in previous studies using targeted core promoter microarrays or CpG island 

microarrays (Ren, Cam et al. 2002; Weinmann, Yan et al. 2002). 

 The fraction of orphan STAGE tags that did not match any genomic sequence was 

generally 15% - 19%, similar to what has been observed for SAGE (Velculescu, Vogelstein 

et al. 2000; Saha, Sparks et al. 2002). Details of the numbers we observed are provided 

in Appendix A. Orphan tags likely arise from a combination of PCR and sequencing 

errors, and cross contamination from unrelated DNA samples. Half of the 22% orphan 

tags we observed in the case of yeast TBP consisted of repeated occurrences of just two 

distinct tags that could not be matched to any known sequence. We did not observe these 

two tags in any subsequent sequencing of human STAGE tags. Although it is desirable to 

minimize the occurrence of such orphan tags, they do not present a problem for STAGE 

since they are excluded from any analysis. 

 There was a highly significant overlap between the sets of E2F4 targets that we 

identified by ChIP-microarray and by STAGE, which are two completely different 

technologies. Using STAGE, we identified several novel E2F4 target genes such as 

SNRPD2, DRF1, CSTF3 and TOPK, that we validated using ChIP-PCR as well as ChIP-

microarray from biologically independent samples (Figure 3.4 and Figure 3.5A). 
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Although ChIP-microarray is a high throughput method, it involves a complex 

hybridization and can be affected by the presence of repetitive DNA, poor PCR product 

in the microarray spot, differential amplification of ChIP DNA during fluorescent 

labeling, and hence low sensitivity and/or specificity at certain loci. Most importantly, 

none of the human microarrays currently available for ChIP-microarray are 

comprehensive in the sense that every possible target site is represented. For example, 

we identified PSMA4 as an E2F4 target by STAGE and validated it by ChIP-PCR, but it 

only shows marginal enrichment in ChIP-microarray (Figure 3.5A). However, MAP3K7 a 

previously known target of E2F4 that we also identified by STAGE, likewise does not 

show significant enrichment in our ChIP-microarray, indicating that the ChIP-

microarray assay is not infallible. For this reason, we believe that the standard low-

throughput ChIP-PCR assay is a more definitive measure of whether a locus is a true 

binding target. 

 Based on our ChIP-PCR analysis (Figure 3.3A and 3.4), we estimate the true 

positive rate of STAGE in human cells to be approximately 84% in our experiments. This 

success rate can potentially be improved by enhancements to the analysis algorithms, as 

well as improvements to the ChIP procedure to reduce background arising from non-

specific or repetitive genomic DNA. We have developed the subtraction-STAGE 

procedure as one such means of reducing background. Other enhancements for linearly 

amplifying ChIP DNA such as those based on T7 RNA transcription may be incorporated 

into the STAGE procedure (Liu, Schreiber et al. 2003). The use of novel type III 

restriction enzymes generating longer 26-mer tags rather than 21-mer tags may also 

improve the specificity of STAGE (Matsumura, Reich et al. 2003). However, 70% of all 

NlaIII-anchored 21-mers in the human genome are unique, whereas 76% of all such 26-
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mers are unique. The improvement in the ability to map a tag to a single location on the 

genome by going from a length of 21 to 26 is therefore not likely to be dramatic. 

 The comprehensiveness or coverage of STAGE, by analogy to SAGE, is limited in 

principle only by the depth of sequencing of STAGE tags. We identified dozens of novel 

targets of E2F4 after sequencing a few thousand STAGE tags, but our results indicate 

that our coverage is not close to saturation. There are two primary indications of this. 

First, we observed minimal overlap between the tags generated from the two 

independent STAGE libraries analyzed here (only 62 tags were common to both sets) 

and saw no significant overlap between their predicted target genes, even though we 

were able to validate predicted targets from each independent library. Thus our sampling 

of tag space, although valid, is relatively sparse. Second, a substantial fraction of the tags 

we observed in all of the combined STAGE libraries had an occurrence value of one, 

meaning we observed them only once. These observations suggest that additional E2F4 

STAGE tags generated by additional sequencing will likely be novel and will help predict 

additional target genes. 

 The efficiency of STAGE can be assessed accurately only if all E2F4 binding 

targets are known with certainty and if the number of tag sequences has reached 

saturation. Since neither condition has been satisfied (and is outside the scope of this 

report), it is difficult to estimate the false negative rate. One way to estimate the false 

negative rate in future studies would be to compare the predictions from STAGE after 

saturation sequencing, with predictions made by analyzing ChIP on complete tiling 

microarrays for a given chromosome, such as the binding distribution of NF-κB on 

Chromosome 22 (Martone, Euskirchen et al. 2003). In a STAGE library that has been 

sequenced to the point where additional sequencing reveals no new tags, it would then 
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be possible to ascertain how many of the binding sites on Chromosome 22 as revealed by 

microarray analysis are also predicted by STAGE. 

 STAGE has many advantages over existing methods for analysis of genome-wide 

DNA protein interactions, especially in large and complex genomes. First, it does not rely 

on any assumptions about the location or distribution of protein binding sites on the 

genome. 98% of the human genome is within 1 kb of an NlaIII site, so binding sites 

anywhere on the genome can potentially be sampled by STAGE. Alternative enzymes 

may also be used in the first step of the procedure. Second, it does not require the 

expensive infrastructure normally required for analysis using promoter microarrays. We 

estimate that sequencing 30,000 tags, which should allow for extensive coverage of the 

targets of a single protein, will entail sequencing about 1200 clones at a cost of about $ 

3000. Crosslinked extract from approximately 107 cells is sufficient for generating tens of 

thousands of STAGE tags. Third, because it does not depend on microarrays, STAGE is 

readily applicable to any organism for which genome sequence is available. STAGE 

should be advantageous for studying DNA-protein interactions in the mouse genome, as 

well as the other sequenced model organisms and prokaryotes where intergenic 

microarray resources are currently unavailable. Finally, STAGE is not restricted to a 

specific annotation of a genome; as new transcriptional units are discovered and existing 

ones become defunct (Hild, Beckmann et al. 2003; Kellis, Patterson et al. 2003), the 

same STAGE tag data can be reanalyzed to identify targets based on the most current 

genome annotation. 

 We envision STAGE as a useful complement to microarray based methods for 

analyzing the binding distribution of proteins on the genome. Although STAGE is a high-

throughput genomic method based on sequencing of concatamerized tags, it is less 

suited for repeated quantitative measurements of the binding of a given protein under a 
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range of physiological conditions. However, the binding loci predicted by STAGE can 

easily be represented on focused microarrays for repeated quantitative measurements by 

ChIP-microarray. Thus, an initial comprehensive survey of direct binding targets by 

STAGE followed by extensive promoter microarray analysis of ChIP DNA can accelerate 

the discovery of protein-binding regulatory elements in genomes. 
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CHAPTER FOUR:  Genome-Wide Targets of Human Myc and Its E-Box 

Usage in Vivo 

 

INTRODUCTION 

 

 Myc is a transcription factor that has important roles in regulation of the cell 

cycle, proliferation, differentiation, apoptosis, and microRNA regulation (Grandori, 

Cowley et al. 2000; Boxer and Dang 2001; Pelengaris, Khan et al. 2002; O'Donnell, 

Wentzel et al. 2005). It has been known for two decades that deregulation of Myc 

expression by gene alteration such as translocation causes Burkitt’s lymphoma. (Dalla-

Favera, Bregni et al. 1982; Taub, Kirsch et al. 1982). A series of further studies 

demonstrated that in most cases, increased level of Myc expression was observed in 

many different tumor tissues. This indicates that the overexpressed level of Myc triggers 

uncontrolled cell proliferation, inhibits cell differentiation and contributes to 

tumorigenesis in many cancers (Nesbit, Tersak et al. 2000). 

 The Myc nuclear protein is a basic helix-loop-helix leucine zipper (bHLH/LZ) 

protein that dimerizes with another bHLH/LZ protein Max (Myc-associated protein X) 

to function as a sequence specific DNA-binding transcription factor (Blackwood and 

Eisenman 1991; Blackwood, Luscher et al. 1991). It has been known that Myc has two 

canonical consensus DNA binding sequences, CACGTG, and CATGTG, termed E-boxes. 

Several other noncanonical DNA binding motifs of Myc, such as CATGCG, CACGCG, 

CACGAG, and CAACGTG were identified from in vitro experiments (Blackwell, Huang et 

al. 1993).  

 In mammals, several Myc-related genes, such as C-Myc, N-Myc, L-Myc, and S-

Myc are known (Eisenman 2001). Among them, c-Myc, N-Myc, and L-Myc have been 



 82 

implicated in the genesis of human tumors (Adhikary and Eilers 2005). Myc’s binding 

partner Max also binds other binding partner proteins that are known as the Mad 

protein family. Max forms Max homodimers or heterodimers with Mad family proteins 

(Adhikary and Eilers 2005). Generally, it is accepted that Myc-Max heterodimers 

function as an activator protein complex and Mad-Max heterodimers function as a 

repressor protein complex (Ayer, Kretzner et al. 1993; Grandori, Mac et al. 1996). 

However, some studies showed that Max is also essential for Myc-dependent gene 

repression (Mao, Watson et al. 2003), and Myc is also known to repress the transcription 

of downstream target genes by interfering with the function of other transcription 

activators such as Miz-1 (Herold, Wanzel et al. 2002), NF-Y (Izumi, Molander et al. 

2001), or Sp1 (Gartel, Ye et al. 2001). 

 Due to the function of Myc in so many biological processes, identifying 

downstream targets of Myc has been an area of active research. Recently developed 

genome-wide study methods such as microarrays (Schena, Shalon et al. 1995) and serial 

analysis of gene expression (SAGE) (Velculescu, Zhang et al. 1995) enable us to study 

targets of Myc on a large scale. Global gene expression analysis based on these methods 

suggests that Myc might have several hundreds of target genes in mammalian cells 

(Coller, Grandori et al. 2000; Menssen and Hermeking 2002). However, most of the 

microarray screens based on expression profiling do not distinguish between direct and 

indirect targets of transcription factors. Several other studies have been performed to 

identify the direct binding sites of Myc using ChIP-microarrays (Li, Van Calcar et al. 

2003; Mao, Watson et al. 2003). From these studies, hundreds of physical interactions 

between Myc and target DNA loci were identified, and hundreds of putative target genes 

were predicted. However, the shortcomings of microarray design impose a limitation on 

the coverage of Myc targets. Also, changes in Myc binding to its targets in different 
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conditions have not been studied on a genome-wide scale. 

 In the current study, we have identified approximately 1,500 known and 

unknown binding target genes of the Myc transcription factor in HeLa cells and foreskin 

fibroblasts using human core promoter microarrays that contain approximately 13,000 

spots. Myc showed dramatic increase in binding to its target promoters in human 2091 

fibroblasts when cells were stimulated by serum addition. We found that the vast 

majority of Myc target genes are in common between the two different cell lines we 

tested. However, we did not see a good correlation between Myc binding and gene 

expression in both the cell lines. We have showed that some of the Myc target genes can 

be used for the molecular prediction of breast cancer metastases. We have also identified 

that canonical E-box CACGTG and non-canonical CACGCG sequences are the major 

motifs that are recognized by Myc in vivo.   
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MATERIALS AND METHODS 

 

Cell lines and antibody  

 Human HeLa cells and human fibroblasts derived from foreskin (ATCC CRL 2091) 

were grown to about 60% confluency in 15 cm plates in DMEM containing glucose (1 

g/liter), antibiotics, and 10% FBS (Hyclone). In this experiment, HeLa cells were used for 

ChIP without any treatment. For the serum starvation experiment, fibroblasts were 

washed once with phosphate-buffered saline (PBS) and twice with DMEM medium 

lacking FBS. Low-serum DMEM medium (0.1% FBS) was added to the plates and 

incubated for 72 hours. For serum activation, cells in low-serum medium were washed 

twice with PBS, and DMEM medium containing 10% FBS was added to the cells and 

incubated for 4 hours. For crosslinking, 37% formaldehyde was directly added to the 

media, and ChIP procedures were subsequently performed. Anti-Myc antibody (sc-764x, 

Santa Cruz) was used at a dilution of 1:100. 

 

Chromatin Immunoprecipitation (ChIP) 

 Human HeLa cells and fibroblasts were cross-linked by the addition of 

formaldehyde (1 % final concentration) directly to tissue culture plates and incubated for 

7 min at room temperature. Cross-linking was terminated by adding glycine to a final 

concentration of 125 mM. Cells were washed with cold PBS containing PMSF, scraped off 

the plates, collected by centrifugation, and washed again with PBS. After centrifugation, 

the pellet was resuspended in SDS lysis buffer (1 % SDS, 10 mM EDTA, 50 mM Tris-Cl 

pH 8.1, plus protease inhibitors) and incubated at room temperature for 20 min. Cells 

were sonicated on ice, and fragmented DNA was visualized on an agarose gel (average 

size 1 kb). The sample was centrifuged at 12000 rpm at 4 °C for 10 min, and ChIP 
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dilution buffer (0.1 % SDS, 1 % Triton X-100, 2 mM EDTA, 20 mM Tris-Cl pH 8.1, 150 

mM NaCl, plus protease inhibitors) was added to the collected supernatant. The sample 

was precleared with protein A-agarose beads (previously washed with ChIP dilution 

buffer) at 4 °C for 1 hour. Precleared chromatin was incubated with an antibody against 

Myc (sc-764x, Santa Cruz) at 4 °C overnight. For the mock IP controls, the antibody was 

not added. Prewashed protein A-agarose beads were added and protein-DNA complexes 

were recovered after a 2 hour incubation at 4 °C. Immunoprecipitated complexes were 

successively washed twice with low salt wash buffer (0.1 % Deoxycholate, 1 % Triton X-

100, 1 mM EDTA, 50 mM HEPES pH 7.5, 150 mM NaCl), once with high-salt wash 

buffer (0.1 % Deoxycholate, 1 % Triton X-100, 1 mM EDTA, 50 mM HEPES pH 7.5, 500 

mM NaCl), once with LiCl wash buffer (250 mM LiCl, 0.5 % NP-40, 0.5 % Deoxycholate, 

1 mM EDTA, 10 mM Tris-Cl pH 8.1), and twice with TE buffer (10 mM Tris-Cl pH 7.5, 1 

mM EDTA). SDS elution buffer was added and incubated at 65 °C for 30 min to recover 

protein-DNA complexes. Crosslinks were reversed by incubating at 65 °C overnight. The 

sample was treated with RNase A and Proteinase K, extracted with phenol/chloroform, 

and precipitated. The pellet was resuspended in 25 µl of water. For microarray 

hybridization, ChIP DNA was amplified by ligation mediated PCR (LM-PCR). 

 

Ligation mediated PCR (LM-PCR) 

 LM-PCR was performed as described (Ren, Robert et al. 2000) with minor 

modifications. Briefly, LM-PCR is composed of three steps which are blunting of ChIP 

DNA, ligation of linkers to ChIP DNA, and PCR. Approximately 200 ng of 

immunoprecipitated DNA was diluted to a final volume of 100 µl with water in a PCR 

tube. Mixture of 11 µl 10X T4 DNA polymerase buffer, 0.5 µl BSA (10 mg/ml), 0.5 µl 

dNTP mix (25 mM each), and 0.2 µl T4 DNA polymerase (3U/ µl) was added to the PCR 
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tube, mixed by pipetting, and incubated at 12°C for 20 min in a PCR machine. After the 

incubation, 11.5 µl 3M NaOAc, and 0.5 µl glycogen (20 mg/ml) were added to the tube. 

The sample was extracted with 120 µl of phenol/chloroform/isoamyl alcohol (25:24:1) in 

0.5 ml Phase Lock Gel tube (Eppendorf) and centrifuged for 5 min at maximum speed in 

a microcentrifuge. The upper phase was transferred to a new 1.5-ml Eppendorf tube and 

precipitated with 230 µl cold EtOH (100%). After centrifugation, the pellet was washed 

with 70 % EtOH and air dried briefly. The pellet was resuspended in 25 µl water and 

placed on ice. Ligase mix containing 8 µl water, 10 µl 5X ligase buffer, 6.7 µl annealed 

linkers, and 0.5 µl T4 DNA ligase was added and incubated overnight at 16°C. Linkers 

were prepared as follows: 300 µl each of oligo Long (40 uM stock, sequence: 5'-

GCGGTGACCCGGGAGATCTGAATTC), and oligo Short (40 uM stock, sequence: 5'-

GAATTCAGATC) were mixed. 50-µl aliquots of oligo mixture were placed at 95°C for 5 

min, 70°C for 5 min and placed at room temperature for 20 min. Aliquots were then 

transferred to 4°C and allowed to stand overnight. The annealed linkers were stored at -

20°C.  

 To precipitate the linker-ligated DNA, 6 µl of 3 M sodium acetate (pH 5.2) and 

130 µl of cold EtOH were added to the tube and centrifuged for 15 min at 4°C. The pellet 

was washed with 70% EtOH and resuspended in 25 µl water. A mixture of 4 µl 10X PCR 

buffer, 6.75 µl water, 2 µl low T mix (5 mM each dATP, dCTP, dGTP, and 2 mM dTTP), 1 

µl Cy3-dUTP or Cy5-dUTP, and 1.25 µl of oligo Long (40 uM), was added to the sample 

DNA and transferred to PCR tubes. PCR was performed as follows: first, 2 min at 55°C, 

followed by addition of a mixture of 8 µl water,1 µl 10X PCR buffer, and 1 µl Taq 

polymerase (5 U/ µl). Then 5 min at 72°C, 2 min at 95°C, 35 cycles of 30 sec at 95°C, 30 

sec at 55°C, and 1 min at 72°C. After PCR amplification, 5 µl of sample was loaded on a 

1.5% agarose gel to verify the size of amplified ChIP DNA. The average size of amplified 
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ChIP DNA was approximately 400 bp. The remaining PCR product was cleaned with 

Qiaquick PCR purification kit (Qiagen), and eluted in 13 µl of water.  

 

Data analysis 

 Microarray data analysis was performed according to the previously published 

protocols with modifications (Ren, Robert et al. 2000). Independent biological replicate 

experiments were combined by averaging R/G ratio of each spot on microarrays. 

Significance of Myc binding to the target loci was also calculated by P-value as described 

previously (Ren, Robert et al. 2000; Roberts, Nelson et al. 2000). Microarray elements 

that meet both R/G ratio >2 and P-value < 0.005 criteria are considered as target loci of 

Myc. 
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RESULTS 

 

Myc binds to many promoters of target genes in HeLa cells 

 Promoter occupancy by Myc in HeLa cells was identified by a combination of 

chromatin immunoprecipitation (ChIP) and the human promoter microarray method. 

The human promoter array contains approximately 13,000 spots. This includes 9,000 

proximal promoter sequences that are amplified from the genomic region –750 bp to 

+250 bp relative to transcriptional start site (TSS) of well annotated genes, as well as 

other control spots designed from 3’- or 5’- UTR regions of genes, ORF sequences, and 

some other regions of the human genome (Odom, Zizlsperger et al. 2004). To identify 

global targets of Myc in HeLa cells, four independent ChIP reactions from independent 

cultures were performed and each ChIP sample was hybridized onto the promoter 

microarray with the mock ChIP sample from the same culture. Median R/G ratio of each 

spot on the array was calculated from four independent hybridizations, and P-value was 

calculated using the error model and used for defining Myc target loci as described in 

Materials and Methods. We only consider the spots that have both P value < 0.005 and 

R/G ratio > 2 as Myc target loci. Among the 12,824 spots that were analyzed, 1,518 spots 

were in this category and 1,368 out of 1,518 spots were actual promoters of well-

annotated genes (Figure 4.1). We found that Myc binds to some non-promoter areas, 

such as ORF and UTR sequences, as described in previous publication (Cawley, 

Bekiranov et al. 2004). Figure 4.1A shows the elements on our array and the proportion 

of array elements that are occupied by Myc. Approximately 15% of proximal promoters 

(genomic region –750 bp to +250 bp relative to TSS) were occupied by Myc in HeLa cells. 

Our data shows that relatively high proportions of upstream promoter regions (>10kb, 

10kb~1kb) are also occupied by Myc (12.7%, 6.2%, respectively) in HeLa cells. However,  
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Figure 4.1 ChIP-microarray analysis of Myc in HeLa cells and validation of 
Myc targets by ChIP-PCR. 
(A) A comparison of the fraction of each array element that is bound by Myc in HeLa 
cells. 1kb-10kb, and >10kb indicate the array elements that are designed from the area 
between 10kb upstream and 1kb upstream of transcription start site (TSS), and area 
further than 10kb upstream of TSS, respectively. (B) Thirteen target promoters were 
randomly chosen. Myc binding to the promoter of the indicated gene was assayed by 
promoter specific PCR. NC is ninth exon of CCNB1. Previously known target of Myc is 
marked by an asterisk. 
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less than 3% of 3’-UTR and ORF sequences were binding target loci of the Myc. 

 As a control experiment, we used mock IP materials in both channels and 

performed hybridization. We could not detect any significantly enriched spots from this 

control experiment. In addition, some of the binding target loci of Myc were randomly 

selected and tested by conventional ChIP-PCR method, and most of the target loci 

identified by our ChIP-microarray hybridization show good enrichment compared to 

negative control ChIP-PCR (Figure 4.1B). We detected good enrichment from ChIP-PCR 

of some of the non-target promoters that have R/G ratio >2, but P-value > 0.005. This 

implies the possibility of false negatives due to our strict definition of a target. However, 

we could not see good enrichment from the test ChIP-PCR of non-targets that have R/G 

ratio < 2 and P-value > 0.005. We also compared our Myc targets with known Myc 

targets from previously performed large-scale experiments (Fernandez, Frank et al. 2003; 

Li, Van Calcar et al. 2003; Mao, Watson et al. 2003). We found that many target genes 

overlap between our data and the previous studies, even though each study used 

different cell lines and different platforms of microarrays.  

 Taken together, we identified approximately 1,400 direct target genes of the Myc 

protein in HeLa cells. This is the greast number of targets identified by a single 

experiment. Based on this observation, we estimated that the number of target genes of 

the human Myc transcription factor is approximately 15 % of all human genes, at least in 

HeLa cells. This result reinforces the previous predictions of human Myc target genes 

(Patel, Loboda et al. 2004).  

 

Myc occupies more target loci after serum stimulation in 2091 fibroblasts 

 The response to serum stimulation has been used as a model for studying 

mammalian cell cycle activation and proliferation (Wick, Burger et al. 1994; Winkles 
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1998). These studies have led to the identification of Myc as a critical downstream 

element of proliferation signaling pathways. As an immediate early response gene, the 

expression level of Myc mRNA or protein is rapidly induced by a variety of growth 

factors and serum stimulation (Iyer, Eisen et al. 1999; Oster, Ho et al. 2002). Based on 

the facts that expression of Myc is strongly induced by serum stimulation and that Myc 

plays a role in cell proliferation, we hypothesized that Myc might have different targets in 

serum starved cells than in serum stimulated cells. To test this hypothesis, we tested 

binding of Myc to its target promoters in normal cells under different growth conditions, 

where Myc expression levels vary. We performed ChIP and microarray hybridizations 

using 2091 foreskin fibroblasts, which have relatively lower levels of Myc compared to 

HeLa. Previous studies showed that level of Myc protein peaks at 2 to 4 hours after 

serum stimulation (O'Donnell, Wentzel et al. 2005). 

 We first cultured the 2091 foreskin fibroblasts in low serum (0.1% FBS) media for 

72 hours as described in Materials and Methods. For serum-stimulated sample, we 

changed the low serum media to normal media containing 10% FBS and incubated for 

another 4 hours. ChIP analysis was performed using serum-starved cells as well as 4-

hour serum-stimulated cells. Occupancy of Myc at its target loci in serum-starved and 

serum-stimulated conditions was analyzed by two independent microarray 

hybridizations. We applied the same method and threshold we used for the HeLa study 

to define the target loci of Myc in 2091 cells. Figure 4.2 shows scatter plots of Myc ChIP-

microarray results from HeLa cells, quiescent 2091, and serum stimulated 2091 

fibroblasts. The R/G ratio and P-values are displayed on the Y- and X-axes, respectively. 

Red dots on each plot represent the target loci that meet both R/G ratio > 2, and P-value 

< 0.005 cutoff.  

 Surprisingly, we detected much lower numbers of target loci from quiescent  
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Figure 4.2 Myc binding targets in 
HeLa cells, serum starved 
fibroblasts, and serum stimulated 
fibroblasts.  
Target binding loci of Myc were detected 
by ChIP-microarray analysis in (A) HeLa 
cells, (B) serum starved 2091 foreskin 
fibroblasts, and (C) 4 hours serum 
stimulated 2091 fibroblasts. Each scatter 
plot shows the R/G ratios (log2) in Y-axis 
and P-values in X axis. Red dots indicate 
Myc target loci that are defined by both 
R/G ratio (log2) > 1, and P-value < 0.005.  
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fibroblasts compared to HeLa cells (Figure 4.2B and 4.2A). Only 231 spots on the 

microarray passed our target cutoff threshold, whereas 1518 target loci are occupied by 

Myc in HeLa cells using the same threshold. 84 % of binding target loci of Myc in 

quiescent fibroblasts were proximal promoters (195 out of 231).  

 Additional interesting results are found with serum-stimulated fibroblasts in 

which we identified 903 binding target loci of Myc (794 were proximal promoters, Figure 

4.2C). This dramatic shift of Myc occupancy to its target promoters in response to serum 

stimulation suggests that Myc does not control many target genes when cells are in 

quiescent stage. However, serum stimulation upregulates cellular Myc levels, and Myc 

controls many downstream target genes by physical interaction with their promoters. 

However, it was obvious that Myc has more targets in HeLa cells although the HeLa cells 

used in our study were not synchronized. 

 We compared the targets identified from HeLa cells and fibroblasts to see if there 

are any significant overlaps of targets. We found that there are conserved binding targets 

among different cell lines or growth conditions. As shown in the Figure 4.3 Venn 

diagram, approximately 85% (764 out of 903) of Myc target loci from serum-stimulated 

2091 fibroblasts are also the targets of Myc in HeLa cells. Many targets of Myc in 

quiescent 2091 cells are also the targets of Myc in stimulated 2091 cells (86%, 199 out of 

231), and HeLa cells (92%, 213 out of 231). Interestingly, the pair-wise comparison of 

data shown in Figure 4.4 suggests that the binding ability of Myc to its target promoters 

is strongly consistent across the cell lines and conditions. Binding data from E2F4 was 

used as a negative control, and pair-wise comparison did not show good correlation with 

Myc binding data (Figure 4.4C). Taken together, we detected 1,659 Myc target loci from 

two different cell lines and identified 1,477 target promoters among them.  
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Figure 4.3 Myc target genes are common in HeLa cells and 2091 foreskin 
fibroblasts.  
Venn diagram compares the target genes in HeLa cells, serum activated 2091 fibroblasts 
(Serum(+)), and serum starved 2091 fibroblasts (Serum(-)). 
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Figure 4.4 Comparison of promoter 
occupancy by Myc among different 
cell types or conditions. 
(A) Spots in scatter plot show that the 
correlation between R/G ratios (log2) of 
Myc chip in HeLa cells (X-axis) and R/G 
ratios (log2) of Myc ChIP from serum 
activated 2091 cells (Y-axis), indicating 
strong correlation (R2 = 0.8262) between 
two samples. (B) Scatter plot shows that the 
correlation between R/G ratios (log2) of 
Myc chip in serum starved fibroblasts (X-
axis) and R/G ratios (log2) of Myc ChIP 
from serum activated fibroblasts (Y-axis), 
indicating strong correlation (R2 = 0.8262). 
(C) As a negative control, comparison 
between ChIP-microarray data from E2F4 
ChIP in serum starved fibroblast applied 
and Myc ChIP in same condition is shown. 
Low R2 value indicates that there is poor 
correlation between Myc targets and E2F4 
targets.  
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Myc target genes belong to broad functional categories 

 A few recent large-scale experiments revealed hundreds of direct target genes of 

Myc in vivo (Fernandez, Frank et al. 2003; Li, Van Calcar et al. 2003; Mao, Watson et al. 

2003). However, because of the limitations of current methodology, no single 

experiment can discover all targets of any given transcription factor. More information 

about direct targets in various conditions is necessary to understand the function of 

specific transcription factors. Our ChIP-microarray analysis using two different cells 

identified approximately 1,500 target genes, and the entire list of target genes are shown 

in Appendix C, but there are likely more targets of Myc in different cell lines or in 

different conditions. Many recent genome-wide studies have also shown that the targets 

of many transcription factors are not limited to the proximal promoter area (Martone, 

Euskirchen et al. 2003; Cawley, Bekiranov et al. 2004). In this study, we only focused on 

the binding of Myc in proximal promoter regions, so there may be many more Myc 

binding loci that we could not discover using our microarray platform. Nevertheless, the 

target genes that we identified are the largest set among the experiments performed.  

 More than a thousand of targets genes of Myc have been identified by various 

methods (Zeller, Jegga et al. 2003). However, many of them are identified by expression 

profiling experiments, and thus cannot distinguish between targets that are direct and 

indirect. Using ChIP-based studies, it has been shown that direct binding targets of Myc 

belong to broad functional categories, such as apoptosis, cell cycle, ribosomal proteins, 

and so on.  

 Our analysis not only added many additional targets of Myc in each functional 

category already proposed, but it also identified some new functional categories (Table 

4.1). We tested all 1,477 predicted Myc targets genes using DAVID  
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Table 4.1 Functional categories of Myc target genes 
 

 
Total 1440 genes out of 1477 targets were analyzed using ‘Functional Annotation Tool’ in 
DAVID (http://david.abcc.ncifcrf.gov/). Functional categories that have P-value < 
1.00E-0.3 are shown. 
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(Dennis, Sherman et al. 2003) and found that Myc target genes can be clustered in 

multiple functional groups, such as protein synthesis, RNA metabolism, DNA repair, cell 

cycle, DNA metabolism, protein transport, DNA  replication, and so on. Many genes 

belong to multiple functional categories. The KEGG pathway analysis also shows that 

Myc target genes are also involved in many different pathways such as ribosome 

biogenesis, oxidative phosphorylation, cell cycle, aminoacyl-tRNA biosynthesis, 

glutamate metabolism, and DNA polymerase.  

 

Prediction of molecular signature of breast cancer metastasis by Myc target 

genes 

 In as many as a 70 % of human cancers, the expression of Myc is found to be 

deregulated (Nilsson and Cleveland 2003). Recent analysis shows that the average 

frequency of Myc amplification in breast tumors is approximately 16 % (Deming, Nass et 

al. 2000), and this result suggests that Myc amplification is relatively common in breast 

cancer and can provide independent prognostic information. Because of the 

amplification of Myc in some of the breast carcinomas, we hypothesized that at least 

some of Myc target genes we identified might have important roles in breast cancer or 

cancer subtypes.  These genes might also be used as signature genes that allow us to 

identify subgroups of cancers. To test this hypothesis, we utilized the expression profiles 

of previously published primary breast cancer samples (van 't Veer, Dai et al. 2002), and 

checked the expression profiles of Myc target genes. The authors of the above mentioned 

paper used supervised classification to identify a gene expression signature based on the 

expression profiling of primary breast cancer samples. They identified 70 marker genes 

that are predictive of distant metastases (van 't Veer, Dai et al. 2002). 

 Expression profiles of our 1,477 direct Myc binding target genes were acquired 
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using a portion of previously published data. The unsupervised two-side hierarchical 

clustering algorithm generated four distinct clusters among 76 breast cancer samples 

(Figure 4.5A), and dendrograms showed the similarity of each cancer sample based on 

subdivision and the length of branches (Figure 4.5B). We then selected the group of 

genes that form obvious clusters. We found that there are two very distinct clusters of 

genes, and these gene clusters ‘a’ and ‘b’, were represented by black bar ‘a’, and ‘b’, 

respectively, in Figure 4.5A. Groups of genes in these two clusters, 27 genes in cluster ‘a’ 

and 32 genes in cluster ‘b’, were analyzed based on their functional annotation using 

DAVID (Dennis, Sherman et al. 2003). Surprisingly, we found that many of genes in 

cluster ‘a’ were cell proliferation related genes. The expression profiles of these genes 

were also very well clustered among cancer subgroups. 16 breast cancer samples 

(hereafter, subgroup 1) showed very strong expression of genes in cluster ‘a’, whereas 17 

cancer samples (hereafter, subgroup 2) showed low levels of gene expression in gene 

cluster ‘b’. Moreover, we found that most of the cancer samples in subgroup 1 showing 

high expression level of genes in cluster ‘a’ were from the patients who developed distant 

metastases within 5 years (69%, 11 out of 16). We also found that all of the samples in 

subgroup 2 showing opposite expression profiles were from the patients who remained 

free of metastases at least 5 years (Figure 4.6).  

 In addition to the genes in cluster ‘a’, genes in cluster ‘b’ showed exactly opposite 

expression patterns from breast cancer subgroups 1 and 2. However, we could not find 

common functions for these 32 genes. The names of genes in these two clusters are 

shown in Figure 4.6. 

 The total of 59 genes in cluster ‘a’ and ‘b’ and their expression profiles in cancer 

subgroups clearly showed that some Myc target genes can successfully be used to 

distinguish breast cancer subtypes, and this separation was also very well correlated with 
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Figure 4.5 Hierarchical clustering of expression of 
Myc target genes in 76 sporadic breast tumors.  
(A) A scale down representation of the entire cluster of 980 
genes, and 76 tumor samples. Each column represents a 
tumor sample and each row a single gene. Expression 
profiles of 76 breast tumors were acquired from Rosetta 
Inpharmatics (Nature 415, 530 - 536 (2002)), and 
unsupervised two dimensional hierarchical clustering was 
applied using Myc target gene lists defined by ChIP-
microarray analysis. Black bars ‘a’, and ‘b’ represent 
selected two gene clusters that were further analyzed. (B) 
Experimental dendrogram showing the cluster of the 
tumors. Branches corresponding to tumors with high 
correlation, and subgroup 1 (red), and  subgroup 2 (green) 
were further analyzed. 
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Figure 4.6 Classification on prognosis signature and ER signature.  
(A) Enlarged portion of gene cluster bar ‘a’ in Figure 4.5A, showing 27 genes. 
(B).Enlarged portion of gene cluster bar ‘b’ in Figure 4.5A, showing 32 genes. (C) 
Selected clinical data for the 76 patients from previous study (Nature 415, 530 - 536 
(2002)) show metastasis status, tumor grade, and estrogen receptor expression 
determined by immunohitochemical staining.  
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poor and good prognosis groups. Van 't Veer, Dai et al. 2002 also proposed 70 signature 

genes that can distinguish all the breast cancer samples in two subgroups. However, we 

could not see much overlap between our 59 genes and their 70 genes. Since our 59 genes 

were specific to part of total cancer samples (34 out of 76), we propose that our gene list 

is more specific to some of the breast cancer subtypes. However, our 59-gene list showed 

much better separation between subgroup 1 and 2. 

 We also checked the levels of Myc mRNA from the original expression profiling 

data to see if there is any correlation between Myc mRNA levels, and the cancer subtypes 

separated by our 59 genes. However, we could not see obvious correlation between Myc 

mRNA levels and patterns of breast biopsy clusters. We speculate that the reason for this 

observation is the reference used in the paper. They used a mixture of mRNAs from all 

the cancer samples for their reference for hybridizations, making it impossible to 

measure absolute levels of gene expression. For example, their data showed mild but 

constant overexpression of STAT1 mRNA from cancer subgroup 1, but our analysis using 

other breast cancer samples (Sorlie, Perou et al. 2001) showed that the level of STAT1 

mRNA is very high in most breast cancer samples compared to the level in normal breast 

samples (data not shown). 

 By using Myc target genes identified by ChIP-microarray analysis and previously 

published expression profiling from cancer patients, we found 59 molecular predictors of 

good and poor prognostic tumors. This finding suggests not only that the subset of target 

genes of Myc can be a good molecular predictor of breast cancer metastases, but also that 

this type of approach may give us a better grasp of the molecular traits of other cancers 

or cancer subgroups. 
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Myc utilizes canonical motif CACGTG and non-canonical motif CACGCG 

mainly in vivo 

 It is known that Myc regulates downstream target genes by binding to its cis-

acting DNA motifs called E-boxes. Canonical E-box sequences CACGTG and CATGTG 

(Blackwell, Huang et al. 1993) as well as non-canonical E-boxes sequences such as 

CATGCG, CACGCG, CACGAG, and CAACGTG have been identified (James and 

Eisenman 2002). First, to see the distribution of these E-box sequences in the human 

genome, we performed a comprehensive scanning of promoter sequences (regions from 

3,000 bp upstream to 1,000 bp downstream of the transcription start sites of well-

annotated human genes) and checked the distribution of each E-box sequence (Figure 

4.7A). Among the six E-box sequences we analyzed, three sequences (CACGTG, CATGCG 

and CACGCG) showed distinct patterns of distribution in the promoter area between 

800 bp upstream and 200 bp downstream of transcription start site (TSS). Interestingly, 

the distribution of CATGTG sequences showed an opposite pattern compared to the 

three sequences that peak nearby TSS, and CACGAG and CAAGGTG sequences did not 

show any significant position bias within 4 kb promoter regions. When we only consider 

the promoter region between 800 bp upstream and 200 bp downstream, more than half 

of promoters of well-annotated genes contain at least one of the six E-box elements. 

However, each E-box sequence is found in less than 20% human promoters (Figure 

4.7B).  

 Even though canonical E-box sequences and E-box derivatives have been 

identified and studied in vitro, no systematic approach that shows the usage of each E-

box sequence has been reported in vivo. To look at the relationship between Myc binding 

in vivo and each E-box sequence in proximal promoters, we checked the binding of Myc 

and each E-box element using ChIP-microarray data from HeLa cells. E-box sequences  



 104 

 
 
Figure 4.7 Distribution of E-box elements and number of proximal 
promoters that contain E-box element.  
(A) Distribution (number of occurrences per bin as a function of position relative to the 
transcription start site (+1, TSS)) of each E-box sequence shows that some of the E-box 
sequences such as CACGTG, CATGCG, and CACGCG are clustered in near TSS region. 
Bin size 50, and total 18,193 promoter sequences spanning between upstream 3kb and 
downstream 1kb of TSS were analyzed. (B) Number of promoters that contain each E-
box element in the region between -800 bp, and + 200 bp of TSS. 
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 in proximal promoter between 800 bp upstream and 200 bp downstream of the TSS 

was used for this analysis.  

 Approximately 65% of promoters that are bound by Myc in our ChIP-microarray 

analysis (845/1298) have at least one of the six E-box sequences, and 45% of target 

promoters without E-box sequences are occupied by Myc. Myc binding to its target 

promoters without E-boxes has been observed previously (Staller, Peukert et al. 2001). 

We then tested the presence of each E-box sequence and Myc occupancy of the 

promoters. The X-axis in Figure 4.8 represents the frequency of each E-box element, and 

the Y-axis represents the binding of Myc in terms of log2 R/G ratios. 

 Our analysis showed that there were very strong correlations between the two E-

box sequences CACGTG and CACGCG and Myc binding (Figure 4.8). E-boxes CACGAG 

and CATGCG showed marginal correlation, while CATGTG and CAACGTG did not show 

any correlation. From the other canonical E-boxes CATGTG, we did not see any 

correlation and there seemed to be a somewhat negative correlation. Our data indicates 

that Myc mainly uses CACGTG and CACGCG sequences as functional E-box sequences in 

vivo. It is very interesting that all of the functional E-box sequences used in vivo except 

CATGCG also exist at high frequency in proximal promoter regions (Figure 4.7A).  

 We confirmed our observation by testing the correlation between two strong E-

box elements and Myc binding using ChIP-microarrays from quiescent and serum-

stimulated 2091 fibroblasts (Figure 4.9). The results showed that these two E-box 

sequences are being used by Myc in HeLa cells. However, we could not see good 

correlation between the CACGCG sequence and Myc binding in serum-starved 

fibroblasts, nor in serum-activated fibroblasts. As a negative control, we checked the 

correlation between E-box sequences and binding of another transcription factor, E2F4, 

to the promoters in quiescent fibroblasts. As expected, we did not observe good  
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Figure 4.8. In vivo E-box usage in HeLa cells.  
The relationship between the presence of each E-box sequence in promoter region 
(between -800 bp, and +200 bp of TSS), and Myc binding represented by R/G ratio (log2) 
is shown. Average moving window (size 100) was applied to frequency of E-box sequence. 
Graph shows that the presence of canonical E-box sequence CACGTG, or non-canonical 
E-box sequence CACGCG in promoters has a strong correlation with Myc binding to its 
target promoters in HeLa cells. 
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Figure 4.9. In vivo usage of CACGTG and CACGCG E-box sequences in HeLa 
cells, and fibroblasts.  
The relationship between the presence of E-box sequence (CACGTG, or CACGCG) in 
promoter region (between -800 bp and +200 bp of TSS) and Myc binding to the 
promoter region in (A) HeLa cells, (B) serum starved fibroblasts, and (C) serum 
activated fibroblasts is plotted. Average moving window (size 100) was applied to 
frequency of E-box sequence. An E-box sequence CACGTG shows good correlation with 
Myc binding in all three conditions we tested. CACGCG sequence shows good correlation 
with Myc binding only in HeLa cells. (D) E2F4 ChIP-microarray data is used for a 
negative control, and shows no correlation with E-box elements.  
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correlation, which implies that these E-box sequences are specific to Myc, but not to 

E2F4 (Figure 4.9D). 

 Our data suggest that in vivo, the Myc protein mainly uses two E-box sequences, 

CACGTG and CACGCG in HeLa cells. The E-box sequence CACGCG is not used by Myc 

in fibroblasts. The discrepancy between our observation and previous findings might be 

due to the fact that most of the previous experiments were done in vitro. We observed 

several binding events of Myc to the promoters that harbor other E-box sequences that 

did not show strong correlation with Myc binding (Figure 4.8). However, this type of 

binding happens sporadically throughout the genome, and there was no good correlation 

between the existence of these E-boxes and Myc binding.   
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DISCUSSION 

 

 We have performed a genome-wide mapping of Myc target loci using human core 

promoter microarrays and ChIP methods. In accordance with previous studies (Li, Van 

Calcar et al. 2003; Mao, Watson et al. 2003), our data shows that Myc has strikingly 

large numbers of target loci in the proximal promoter regions of well-annotated genes. 

Our experiment revealed 1,477 target genes of Myc from HeLa cells and human 

fibroblasts, which is the greatest number of Myc target genes identified. Surprisingly, 

Myc occupies relatively small numbers of promoters in quiescent cells, but in response to 

serum stimulation, Myc dramatically increases its occupancy at many target promoters 

in foreskin fibroblasts. This observation suggests that the regulation of downstream 

targets of Myc is tightly and rapidly controlled by external signals. Our data also shows 

that Myc has many common targets between cell lines. The Myc target genes that we 

identified were tested for the possible predictors of breast cancer metastasis by using 

previously published expression profiles of breast cancers, and some of the Myc target 

genes showed distinct expression patterns in both poor and good prognosis groups of 

samples. This result suggests that these 59 genes can be used as molecular signature of 

metastasis. Analysis of E-box usage showed that Myc uses the canonical E-box sequences 

CACGTG and CACGCG in vivo.  

 Although we identified approximately 1,500 Myc binding events to the promoters 

of well-annotated genes, this number is definitely underestimated. Myc binding to other 

genomic elements, such as ORFs, 3’- or 5’-UTRs, and intron sequences, was observed 

from our ChIP-microarray data and by other groups (Cawley, Bekiranov et al. 2004). Our 

tiling array data also shows that there are many target loci of Myc other than promoter 

regions in vivo (data not shown). However, our focus was on the promoter areas in this 
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experiment and our results were well correlated with previous studies (Fernandez, Frank 

et al. 2003; Li, Van Calcar et al. 2003; Mao, Watson et al. 2003) in terms of the genes 

identified and their functions. Approximately 15% of more than 9,000 well defined 

promoters in our microarray were occupied by Myc in the conditions we tested. In 

addition to this, Myc shows differences in its binding activity under different growth 

conditions (Figure 4.2). This implies that there might be other target loci of Myc in 

various physiological conditions. Interestingly, we observed many common target genes 

in two different cell lines we tested, and most of the targets in fibroblasts were also 

targets in HeLa cells. However, we identified larger numbers of targets of Myc from 

HeLa cells. 

 It is unclear why Myc has so many target loci in the genome and which target 

genes are critical for the biological roles of Myc in vivo (Patel, Loboda et al. 2004; 

Adhikary and Eilers 2005). Classification of Myc targets shows that target genes belong 

to broad functional categories, suggesting that Myc controls a variety of cellular 

processes. Interestingly, from KEGG pathway analysis we found that some of Myc’s 

target genes are involved in relatively well-understood pathways, and this reinforces 

previously predicted functions of Myc. Our data shows that the most obvious function of 

Myc is protein metabolism and ribosome biogenesis. Surprisingly, Myc has 39 ribosomal 

protein related target genes and this means almost half of genes encoding ribosomal 

protein, in human cells are the targets of Myc in vivo.  

 It has been suggested that Myc might have important roles in regulating 

mitochondrial biogenesis and oxidative phosphorylation (Morrish, Giedt et al. 2003; 

Morrish and Hockenbery 2003; Li, Wang et al. 2005). Mitochondrial biogenesis and 

oxidative phosphorylation are critical for both the proliferative capability of cells and cell 

cycle progression; a few genes in these pathways have been identified as targets of Myc 
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(Morrish, Giedt et al. 2003). Interestingly, our data revealed that Myc has many target 

genes involved in oxidative phosphorylation and mitochondrial biogenesis and this 

agrees with previous predictions. In addition to this, we also identified POLG and 

POLG2 as targets of Myc. These polymerases are mitochondrial DNA polymerases that 

are important in mitochondrial DNA regulation. Again, this finding emphasizes the 

function of Myc in mitochondrial biogenesis, Cell cycle, aminoaryl-tRNA synthesis, and 

glutamate metabolism are the pathways we identified where Myc is involved.  

 Expression profiling of many different cancer samples using cDNA or 

oligonucleotide microarrays has shown that expression profiling is very useful to identify 

subgroups in each cancer. It has been used for finding molecular markers (Sorlie, Perou 

et al. 2001; van 't Veer, Dai et al. 2002; Yu, Lee et al. 2004; Glinsky, Berezovska et al. 

2005), which are critical to proper clinical therapy. We hypothesized that the target 

genes identified by ChIP-microarray could also be used to identify molecular signature 

genes. Our approach revealed that 59 Myc target genes constitute a distinct molecular 

signature that can distinguish between poor prognosis patients and good prognosis 

patients. Interestingly, not all of the subgroups of cancer samples were distinguished by 

our 59 gene lists, and some of the breast cancer samples were not predictable using our 

gene lists. Myc might be involved in only subset of breast cancer samples (Deming, Nass 

et al. 2000). We did not see a good correlation between Myc expression in each sample 

and cancer subgroups generated by our Myc target list. We do not have a good 

explanation for this at this point. Because Myc is involved in a large proportion of human 

cancers, it will be interesting to study other cancer types using the Myc target list we 

identified to get more insight about cancer subtypes or to identify molecular predictors 

of metastasis. Our approach is a good demonstrating how to identify molecular 

signatures that predict metastasis of a variety of tumor subgroups using direct 
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transcription factor target genes. 

 Although various experiments revealed the existence of canonical E-box 

sequences and non-canonical E-box sequences for the binding of Myc, these results were 

mainly from in vitro experiments and discrepancy between in vitro and in vivo data was 

possible. Our comprehensive scanning of promoter sequences showed that genomic 

distribution of previously known E-box elements was not even across the human genome, 

and among six we tested, three E-box sequences showed a tendency to reside near 

transcription start sites of well-annotated genes. However, in vivo usage of Myc binding 

was different from the frequency of the E-box in promoter area. We found that two E-

box sequences, CACGTG and CACGCG, are mainly used by Myc in vivo. The rest of the 

E-boxes are marginally used by Myc or not used by Myc. However, we also observed that 

many promoters that are occupied by Myc did not contain strong E-box elements, 

suggesting the existence of possible partner proteins that guide Myc to proper target loci. 
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CHAPTER FIVE: Summary and Future Works 

 

 In the current studies, first we showed that the most prominent target of TBP in 

yeast is RNA pol III promoters and that the recruitment of TBP to pol II promoters in 

vivo is of universal importance in determining gene expression levels, regardless of the 

nature of the core promoter or the type of activator or repressor that may mediate 

transcriptional changes in yeast. Second, we developed a novel, unbiased genome-wide 

method to identify the direct chromosomal targets of transcription factors without using 

intergenic or promoter microarrays. We named this method STAGE (Sequence Tag 

Analysis of Genomic Enrichment), and using this method, we identified several known 

and novel targets of E2F4. Finally, we identified approximately 1,500 known and 

unknown binding target genes of Myc in HeLa cells and foreskin fibroblasts using human 

core promoter microarrays. We have demonstrated that some of the Myc target genes 

can be used for the molecular prediction of breast cancer metastases. We have also 

identified that the canonical E-box sequence CACGTG and the non-canonical sequence 

CACGCG are the major motifs that are recognized by Myc in vivo.  

 Even though the ChIP-microarray method was developed only a few years ago, 

this technique is being used widely due to its advantages over other conventional low-

throughput methods. In yeast, most of the known transcription factors have already been 

studied using this technique, and it was shown that many transcription factors have 

hundreds of direct target genes (Harbison, Gordon et al. 2004). In recent years, mapping 

of downstream targets of human transcription has revealed that there are many new 

target loci of human transcription factors. The results gave us new insights about human 

transcription factors’ control of gene regulation. However, studying the targets of 

transcription factors in large genomes such as human or mouse has many limitations.  



 114 

 First, it is very hard to find good antibodies for this type of study. Basically the 

results of all ChIP-related studies depend on the quality of antibodies. However, most 

commercially available antibodies are not eligible for ChIP reaction, and much effort and 

resources are invested in finding good antibodies. Until now, no efficient way of tagging 

all human transcription factors has been found. Systematic study of hundreds of 

transcription factors in yeast was possible only because the tagging of yeast proteins is 

relatively easy. Method development for the systematic tagging of mammalian 

transcription factors will be of great help in understanding the human transcriptional 

control network. 

 Second, comprehensive study in large genomes also depends on the contents of 

microarrays. Most of the recent studies in human were performed using biased 

microarrays, such as core promoter microarrays and CpG island arrays (Ren, Cam et al. 

2002; Weinmann, Yan et al. 2002). Even though there are several tiling microarrays 

available, the complexity and the size of mammalian genome make it hard to contain the 

entire human or mouse genome in one or two microarrays. At this point, 38 independent 

microarrays need to be used to cover the entire human or mouse genome, which means 

performing comprehensive studies is not feasible. Only few scientists can afford this 

microarray platform and this type of study. Developing new technology to generate high-

density microarrays is necessary for the future of unbiased and comprehensive ChIP-

microarray studies. 

 To address the current limitations of microarray resources, several groups 

including our group independently developed new high-throughput sequencing 

dependent methods to map the target loci of transcription factors (Impey, McCorkle et al. 

2004; Kim, Bhinge et al. 2005; Roh, Cuddapah et al. 2005). These methods combined 

ChIP and SAGE procedures, and successfully found the targets of mammalian 
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transcription factors. However, the relatively complicated experimental procedures 

including PCR, several gel extractions, and cloning steps make these methods hard to 

perform, and possible contamination is an issue. Recently-developed new sequencing 

technology (Margulies, Egholm et al. 2005) shows a possible solution for sequencing-

dependent methods. Some of the tedious steps in sequencing-based methods, such as 

concatamer generation and cloning steps, can be omitted by using new sequencing 

technology. In addition, this technology will increase the number of tags sequenced up to 

800,000 tags from one sequencing reaction. If this new sequencing method works well, 

the performance of mapping genome-wide DNA-protein interactions using sequencing-

based methods will be more powerful not only for mammalian studies, but also for other 

organisms for which  no microarray platforms are available. 

 From the studies of mammalian transcription factors, it has been suggested that 

most transcription factors studied have surprisingly large number of target loci in vivo. 

From the study using tiling microarrays of chromosome 21 and 22, approximately 

25,000 target binding loci of Myc were predicted (Cawley, Bekiranov et al. 2004). Core 

promoter microarray data, including ours, also showed that 15~20% of well-annotated 

promoters of human genes are targets of Myc or E2F transcription factors. These 

findings have raised questions about the function of the well-known transcription factors. 

It is not well understood why some transcription factors have so many various target 

genes and non-promoter target loci. One explanation is that these factors may have a 

role in the general transcription machinery (Li, Van Calcar et al. 2003), or may be 

involved in controlling microRNA transcription (Cawley, Bekiranov et al. 2004). 

However, more systematic approaches are needed to explain the function of each 

transcription factor, and to understand the transcriptional control network that 

modulates global gene expression in response to cellular signaling.  



 116 

 
APPENDIXES 

 
 
Appendix A. Summary of STAGE tags sequenced 
 

 
 
Within each set of two rows, the first row shows the total number of tags in each category, 
followed by the number of distinct tags after duplicates, etc. have been removed. 
a- The number of tags that do not match with any sequence in the genome.  
b- The number of tags that show a perfect match to the genome sequence. 
c- The number of tags that show only one match to a single position on the genome. 
d- A subset of the genomic background tags, approximately of the same size as the E2F4 

STAGE tags was used to normalize STAGE scores as describe in Methods. 
e- Analysis of yeast HSF STAGE tags is not included in Chapter 3. 
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Appendix B. Primer sequences 
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Appendix C. Myc target genes 
 
 
8D6A 
AAMP 
AATF 
ABCB6 
ABCB8 
ABCC5 
ABHD2 
ABT1 
ACAA2 
ACADVL 
ACBD3 
ACBD6 
ACN9 
ACO2 
ACOX3 
ACP2 
ACTN4 
ACTR5 
ADAM15 
ADK 
ADRA2A 
AF15Q14 
AF1Q 
AFTIPHILIN 
AGA 
AHCY 
AHSA1 
AIP 
AIP1 
AK2 
AKAP8L 
AKR1A1 
ALCAM 
ALDH3A1 
ALDH3B1 
ALDH7A1 
ALDOA 
ALG1 
ALG2 

ALG3 
ALG8 
ALKBH 
ALOX12 
ALOXE3 
ALS2CR3 
AMACR 
ANAPC1 
ANAPC10 
ANK1 
ANKHD1 
ANKMY1 
ANKRA2 
ANP32E 
AP1M1 
AP2B1 
AP2M1 
AP3M1 
AP4B1 
APAF1 
APBB3 
APEH 
APEX1 
APG4C 
APP 
APPL 
APRIN 
APRT 
ARF3 
ARFRP1 
ARG2 
ARHGDIA 
ARHGEF7 
ARID4A 
ARIH1 
ARL1 
ARL2 
ARL5 
ARL6 

ARPC1A 
ARPC1B 
ARPC3 
ARPC5L 
ARTS-1 
ASE-1 
ASH2L 
ASNS 
ATF2 
ATF4 
ATIC 
ATP5B 
ATP5C1 
ATP5G3 
ATP6AP1 
ATP6V1B2 
ATP6V1C1 
ATP6V1F 
ATP6V1G1 
ATP6V1H 
ATXN2 
AUP1 
AVPI1 
B3GALT3 
B3GAT3 
BAG4 
BAG5 
BAZ1B 
BCAP29 
BCKDHA 
BCLAF1 
BCS1L 
BIN1 
BIRC5 
Bit1 
BLM 
BLMH 
BLP2 
BM039 

BMSC-UbP 
BNIP1 
BRF2 
BRIX 
BRMS1L 
BST2 
BTBD1 
BTBD7 
BTD 
BTF3 
BTG2 
BTG3 
BTRC 
BTRC 
BUB1B 
BUB3 
BYSL 
BZW2 
C10orf117 
C10orf22 
C10orf70 
C11orf10 
C11orf24 
C12orf10 
C13orf12 
C13orf22 
C14orf100 
C14orf106 
C14orf118 
C14orf133 
C14orf140 
C15orf15 
C15orf25 
C18orf55 
C18orf8 
C19orf4 
C1orf22 
C1orf33 
C1QBP 
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C20orf121 
C20orf172 
C20orf27 
C20orf30 
C20orf4 
C20orf43 
C20orf44 
C20orf52 
C20orf67 
C20orf77 
C20orf9 
C21orf119 
C21orf127 
C21orf18 
C22orf19 
C2F 
C2orf3 
C2orf31 
C3orf1 
C5orf14 
C6orf108 
C6orf109 
C6orf11 
C6orf134 
C6orf166 
C6orf211 
C6orf49 
C6orf51 
C6orf75 
C7orf23 
C7orf25 
C9orf12 
C9orf156 
C9orf42 
C9orf5 
C9orf77 
CACNG4 
CACYBP 
CAD 
CALD1 
CALM1 
CALU 
CAMLG 
CAP1 
CAPN5 
CAPNS1 

CASP6 
CASP8AP2 
CAT 
CBARA1 
CBLL1 
CBX5 
CCDC10 
CCM2 
CCNA1 
CCNA2 
CCNB1 
CCNE2 
CCNL1 
CCNT1 
CCT6A 
CCT8 
CDC23 
CDC25A 
CDC25C 
CDC37L1 
CDC42 
CDC42SE1 
CDC7 
CDCA1 
CDCA3 
CDCA8 
CDK4 
CDK5 
CDK5RAP3 
CDK6 
CDKN1A 
CEBPZ 
CECR5 
CELSR3 
CENPA 
Cep290 
CFL1 
CFL2 
CGI-115 
CGI-12 
CGI-37 
CGI-48 
CGI-51 
CGI-63 
CGI-77 
CGI-94 

CHCHD5 
CHP 
CHSY1 
CIZ1 
CKAP1 
CKS2 
CLCN3 
CLDN4 
CLGN 
CLIC1 
CLK1 
CLNS1A 
CNAP1 
CNNM1 
COASY 
COG2 
COL12A1 
COMT 
COPB 
COPB2 
COPS7A 
COQ4 
CORO1C 
CORO6 
COX10 
COX11 
COX5B 
COX7B 
CPD 
CPNE1 
CPSF4 
CREB3 
CREBL2 
CROP 
CS 
CSPG6 
CSTF1 
CSTF2 
CSTF2T 
CSTF3 
CSTF3 
CTMP 
CTSL 
CUL7 
CXX1 
CYB561D2 

CYB5-M 
CYP1B1 
CYP51A1 
CYR61 
DAF 
DAG1 
DC13 
DCBLD2 
DCK 
DCLRE1B 
DCLRE1C 
DCOHM 
DCP1A 
DCPS 
DDB1 
DDX1 
DDX20 
DDX21 
DDX23 
DDX28 
DDX31 
DDX46 
DDX48 
DDX56 
DELGEF 
DEPDC6 
DERA 
DERL1 
DERP6 
DHCR24 
DHDDS 
DHPS 
DHRS10 
DHX15 
DHX38 
DJ122O8.2 
DKFZP434A1319 
DKFZP434B168 
DKFZP547N043 
DKFZP564G2022 
DKFZP566D1346 
DKFZP566M1046
DKFZP566M114 
DKKL1 
DNAJA3 
DNAJB12 
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DNM1L 
DPAGT1 
DPM2 
DRG1 
DRG2 
DSCR2 
DSCR3 
DTX3L 
DUSP12 
DUSP2 
DUSP23 
DUSP24 
DXS9879E 
ECE2 
ECGF1 
ECHDC1 
EED 
EEF1B2 
EFNB1 
EIF2B4 
EIF2S1 
EIF2S2 
EIF3S6 
EIF3S6IP 
EIF4A2 
EIF4E 
EIF4E2 
EIF5 
ELAC2 
ELK1 
ELOVL5 
EMP3 
ENSA 
EPM2AIP1 
ERBB3 
ERCC5 
ERCC8 
EREG 
ETL 
ETS2 
EXO1 
EXOSC3 
EXOSC5 
FABP5 
FADD 
FAM3C 

FAM50B 
FAM51A1 
FAM53C 
FANCD2 
FANCF 
FARSLA 
FARSLB 
FAU 
FBN1 
FBXO22 
FBXO28 
FBXO4 
FBXO5 
FBXO8 
FBXW2 
FEN1 
FIGNL1 
FLJ10287 
FLJ10330 
FLJ10407 
FLJ10415 
FLJ10534 
FLJ10579 
FLJ10665 
FLJ10774 
FLJ10922 
FLJ11193 
FLJ11200 
FLJ11301 
FLJ11305 
FLJ11506 
FLJ11806 
FLJ11848 
FLJ12517 
FLJ12788 
FLJ13096 
FLJ13150 
FLJ13273 
FLJ13491 
FLJ13868 
FLJ14129 
FLJ14299 
FLJ14494 
FLJ14827 
FLJ20010 
FLJ20125 

FLJ20257 
FLJ20306 
FLJ20323 
FLJ20331 
FLJ20344 
FLJ20406 
FLJ20422 
FLJ20436 
FLJ20457 
FLJ20507 
FLJ20508 
FLJ20534 
FLJ20580 
FLJ20626 
FLJ20641 
FLJ20729 
FLJ20825 
FLJ20850 
FLJ21106 
FLJ21125 
FLJ21144 
FLJ21742 
FLJ21945 
FLJ22028 
FLJ22318 
FLJ22349 
FLJ22555 
FLJ22578 
FLJ22582 
FLJ22729 
FLJ23071 
FLJ23231 
FLJ23469 
FLJ23518 
FNTA 
FOXD1 
FOXQ1 
FRAT1 
FRG1 
FSCN1 
FTSJ2 
FUBP1 
FUCA2 
FUT1 
FUT2 
FUT4 

FVT1 
FXC1 
FXYD2 
FZD1 
FZD7 
FZD8 
G10 
G6PD 
GABPB2 
GAPD 
GATA2 
GCHFR 
GCLM 
GDA 
GDAP2 
GEMIN4 
GGA2 
GK001 
GLT8D1 
GM2A 
GMDS 
GMFB 
GMIP 
GMPR2 
GMPS 
GNB2 
GNB2L1 
GNG5 
GNL1 
GNL3L 
GOLGA1 
GOLGA5 
GOSR2 
GOT1 
GOT2 
GP5 
GPHN 
GPR 
GPX1 
GRHPR 
GRK4 
GRWD1 
GSPT1 
GSR 
GSS 
GSTZ1 
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GTF2H1 
GTF2H3 
GTF3A 
GTPBP1 
GTPBP4 
GTSE1 
GUK1 
H17 
H63 
HADHSC 
HARS2 
HAX1 
HBP1 
HBXIP 
HCCS 
HCNGP 
HDHD2 
HEBP2 
HERC5 
HERPUD1 
HEXA 
HGFAC 
HIST1H2AC 
HIST1H2AJ 
HIST1H2AM 
HIST1H2BE 
HIST1H2BG 
HIST1H2BK 
HIST1H2BL 
HIST1H2BM 
HIST1H3D 
HIST1H3E 
HIST1H3G 
HIST1H4B 
HIST1H4H 
HIST1H4K 
HIST3H2A 
HKE2 
HLA-F 
HMGA1L4 
HMGB2 
HMGCR 
HN1 
HNRPA1 
HNRPA2B1 
HNRPAB 

HNRPDL 
HNRPH3 
HNRPU 
HOOK2 
HOXA5 
HOXD9 
HPCAL1 
HPCL2 
HPS6 
HRSP12 
HSA9761 
HSF2BP 
HSGT1 
HSPA1B 
HSPA4L 
HSPA5 
HSPC009 
HSPC023 
HSPC048 
HSPC052 
HSPC111 
HSPC129 
HSPC148 
HSPH1 
HSU79274 
HSU84971 
HTATIP 
HYPK 
IARS 
ICT1 
ID1 
IDE 
IDH3G 
IER5 
IFNAR1 
IFRD1 
IGBP1 
IGFBP1 
IKBKE 
IL15 
IL15RA 
IL1RAP 
ILK 
ILVBL 
IMMT 
IMPACT 

IMPDH1 
IPO13 
IQCC 
IQSEC1 
IRF1 
ISGF3G 
ITGA2 
ITGAV 
ITGB2 
ITGB3BP 
ITGB4BP 
ITPKC 
JARID2 
JPH2 
JTV1 
KARS 
KAZALD1 
KBTBD4 
KCNH4 
KCNJ2 
KCNK5 
KCNQ5 
KDELC1 
KIAA0103 
KIAA0186 
KIAA0218 
KIAA0582 
KIAA0683 
KIAA0859 
KIAA0907 
KIAA1008 
KIAA1068 
KIAA1704 
KIF22 
KIF9 
KLHDC4 
KLHL18 
KNSL7 
KNTC2 
KPNB1 
KPTN 
KRT7 
L3MBTL 
LAMR1 
LAPTM4A 
LAPTM4B 

LARS2 
LCN2 
LDHA 
LENG5 
LEPRE1 
LEPREL1 
LEREPO4 
LIN7C 
LMNA 
LNPEP 
LOC112869 
LOC113174 
LOC113251 
LOC113444 
LOC113655 
LOC113828 
LOC51321 
LOC51334 
LOC51337 
LOC56902 
LOC63929 
LOC81691 
LOC84661 
LOC85028 
LOC90346 
LOC91219 
LOC91689 
LOC92691 
LOH12CR1 
LOR 
LRCH4 
LRIG2 
LRP16 
LRP6 
LSM1 
LSM3 
LSM4 
LTA4H 
LUC7L2 
LYAR 
LYPLA2 
LZTFL1 
M96 
MAD2L1 
MADD 
MADP-1 
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MAGEF1 
MAN1B1 
MAP1B 
MAP3K14 
MAP3K5 
MAP4K5 
MAPBPIP 
MAPK7 
MARK3 
MASA 
MBD4 
MBTPS1 
MCART1 
MCM3 
MCM8 
MCOLN1 
MCOLN3 
MDH2 
MDM1 
MDS009 
MDS032 
ME2 
MEIS1 
MEP50 
METAP2 
METAP2 
METTL1 
METTL3 
MFTC 
MGC10485 
MGC10731 
MGC10814 
MGC10955 
MGC11061 
MGC11102 
MGC11134 
MGC11266 
MGC11279 
MGC12466 
MGC13040 
MGC13114 
MGC13272 
MGC13379 
MGC14151 
MGC15523 
MGC16943 

MGC2396 
MGC2477 
MGC2650 
MGC2655 
MGC3113 
MGC3200 
MGC3222 
MGC3248 
MGC4308 
MGC4655 
MGC4767 
MGC4771 
MGC5242 
MGC5509 
MGST1 
MIF 
MIPEP 
MIS12 
MKL1 
MLH1 
MLNR 
MMP11 
MMP15 
MMP23B 
MMP23B 
MNT 
MOGAT1 
MOV10 
MPDU1 
MPHOSPH6 
MPV17 
MRP63 
MRPL18 
MRPL27 
MRPL3 
MRPL32 
MRPL33 
MRPL34 
MRPL40 
MRPL43 
MRPL46 
MRPL48 
MRPL49 
MRPL51 
MRPS10 
MRPS14 

MRPS16 
MRPS18B 
MRPS18C 
MRPS2 
MRPS21 
MRPS23 
MRPS30 
MRPS36 
MSH2 
MST1R 
MT2A 
MTF1 
MTHFD1 
MTHFS 
MTRF1L 
MUTYH 
MVK 
MYH9 
MYLIP 
MYOHD1 
MYST2 
NACA 
NAGK 
NALP1 
NAP1L1 
NAPA 
NARF 
NBR2 
NBS1 
NCB5OR 
NCBP2 
NCK1 
NCOA3 
NCOA5 
NCOR1 
NDRG1 
NDUFA1 
NDUFA3 
NDUFA4 
NDUFA6 
NDUFB2 
NDUFB7 
NDUFB9 
NDUFC1 
NDUFS1 
NDUFS5 

NDUFV1 
NECAP1 
NEDD8 
NEK9 
NEURL2 
NFE2L3 
NFS1 
NFYA 
NFYC 
NID2 
NIFIE14 
NIP30 
NIT1 
NME1 
NOG 
NOL1 
NOL5A 
NOL7 
NOLA2 
NOLA3 
NOLC1 
NPAT 
NPPC 
NQO1 
NR1D1 
NR4A1 
NRAS 
NRD1 
NRF1 
NSUN5 
NTN2L 
NTSR1 
NUDT2 
NUDT5 
NUDT6 
NUFIP1 
NUP50 
NUP54 
NUP62 
NUP98 
NUSAP1 
NYD-SP11 
OAS3 
ODC-p 
ODF2 
OFD1 
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OLIG2 
OPA1 
OPA3 
OPRS1 
ORC5L 
ORF1-FL49 
ORMDL1 
ORMDL2 
OSGEP 
OSGEPL1 
OSMR 
OTUB1 
P2RY2 
PAF53 
PAFAH2 
PAICS 
PAIP2 
PAI-RBP1 
PAK1IP1 
PAPOLA 
PARP3 
PARP9 
PBEF1 
PCGF1 
PCGF4 
PCNP 
PCQAP 
PCYT1A 
PD2 
PDCD10 
PDCD2 
PDCL3 
PDE1B 
PDE6D 
PDIR 
PDK4 
PEX12 
PEX13 
PEX16 
PEX26 
PEX6 
PFDN4 
PGAP1 
PGBD3 
PGEA1 
PGK1 

PGM2 
PGM3 
PGR1 
PHB 
PHC3 
PHLDA1 
PHLDA2 
PIG8 
PIGC 
PIGH 
PIK3R3 
PINK1 
PIP3AP 
PITPNB 
PJA2 
PL6 
PLAGL2 
PLDN 
PLEKHA8 
PLEKHA9 
PLEKHF2 
PLK1 
PLK2 
PLK3 
PLP2 
PLS3 
PLXNB3 
PMM2 
PMS1 
PMVK 
PNN 
PNPO 
POLA 
POLD1 
POLE3 
POLG 
POLG2 
POLH 
POLR1C 
POLR2B 
POLR3A 
POLR3E 
POLR3F 
PP591 
PPAN 
PPAT 

PPEF1 
PPFIBP1 
PPGB 
PPHLN1 
PPIF 
PPIL1 
PPM1G 
PPP1R10 
PPP1R15B 
PPP1R3B 
PPP1R3D 
PPP2CA 
PPP2R5D 
PPP3CC 
PPP5C 
PRCP 
PRCP 
PREI3 
PRKAB1 
PRKAB2 
PRKRA 
PRKRIP1 
PRKY 
PRMT7 
PROSC 
PRPF18 
PRPF4 
PRR3 
PRV1 
PSAT1 
PSMA1 
PSMA4 
PSMA4 
PSMC4 
PSMD10 
PSMD12 
PSMD14 
PSMD5 
PSMD7 
PSMD8 
PSMD9 
PSME3 
PTD008 
PTD012 
PTDSS1 
PTER 

PTGES2 
PTMA 
PTPN1 
PTPN18 
PTPN4 
PTPRA 
PTPRG 
PTS 
PTTG1IP 
PURB 
PWP1 
PWP2H 
PYGL 
PYM 
QPCTL 
QPCTL 
QRSL1 
QTRT1 
R29124_1 
RAB11A 
RAB11FIP2 
RAB18 
RAB30 
RAB33B 
RAB3A 
RAB3-GAP150 
RAB8A 
RAB9P40 
RABAC1 
RABGGTA 
RABL2B 
RAD23B 
RAD50 
RAD51 
RAD54L 
RAD9A 
RAINB1 
RAMP 
RARS 
RASIP1 
RBAK 
RBBP4 
RBKS 
RBL1 
RBL2 
RBM10 
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RBM13 
RBM15 
RBM18 
RBM21 
RBM28 
RBM6 
RBM7 
RCL1 
REA 
RERG 
REV1L 
REV3L 
RFC5 
RFP 
RFT1 
RHEB 
RHOBTB3 
RHOF 
RIN1 
RINT-1 
RIOK1 
RIPK2 
RNASE4 
RNF138 
RNF14 
RNF40 
RNF44 
RNF5 
RNGTT 
RNMTL1 
RNPC2 
RNU3IP2 
ROR2 
RPA2 
RPGR 
RPL10A 
RPL12 
RPL13 
RPL14 
RPL15 
RPL18A 
RPL19 
RPL24 
RPL26 
RPL27A 
RPL28 

RPL30 
RPL31 
RPL32 
RPL36A 
RPL37 
RPL37A 
RPL38 
RPL39 
RPL41 
RPL5 
RPL6 
RPLP1 
RPP38 
RPS14 
RPS16 
RPS18 
RPS19 
RPS20 
RPS21 
RPS27 
RPS27A 
RPS27L 
RPS3 
RPS3A 
RPS5 
RPS6 
RPS6KA5 
RPS6KB1 
RPS6KC1 
RRAGA 
RRAS 
RSHL2 
RSU1 
RUVBL1 
RUVBL2 
S100A10 
SAE1 
SAMHD1 
SAP18 
SARS 
SARS2 
SAS10 
SC65 
SCAMP1 
SCAP2 
SCAP2 

SCLY 
SCNM1 
SCO2 
SCYE1 
SDCBP 
SDF2 
SDHA 
SEC11L1 
SEC11L3 
SEC23IP 
SEC24D 
SEC61B 
SEC61G 
SECISBP2 
SECP43 
SEMA3B 
SEN2L 
SEPW1 
SERPINB8 
SERTAD1 
SETMAR 
SF3A3 
SF3B4 
SF3B5 
SFRS1 
SFRS11 
SFRS2 
SFRS7 
SFRS8 
SGPL1 
SH2D3A 
SHD1 
SHMT1 
SIAT7B 
SIX2 
SKB1 
SKIP 
SKP2 
SLC12A2 
SLC12A9 
SLC16A1 
SLC22A4 
SLC2A4 
SLC30A1 
SLC30A10 
SLC30A5 

SLC30A7 
SLC35A3 
SLC35A5 
SLC35B1 
SLC35D1 
SLC38A1 
SLC39A9 
SLC3A2 
SLC40A1 
SLC5A6 
SLC7A11 
SLITRK3 
SMAD1 
SMAD4 
SMAP1 
SMARCC1 
SMARCE1 
SMC1L1 
SMC2L1 
SMPD2 
SNAPC1 
SNAPC3 
SNARK 
SNRP70 
SNRPD1 
SNRPD2 
SNRPD2 
SNRPD3 
SNRPE 
SNRPG 
SNX17 
SNX3 
SNX5 
SOD1 
SORD 
SOX4 
SPATA1 
SPATA2 
SPCS3 
SPFH1 
SPPL2A 
SRC 
SRP19 
SRP54 
SRP68 
SRPR 
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SSBP1 
SSP411 
SSSCA1 
SSTK 
STAF42 
STAF65(gamma) 
STAM 
STAM2 
STARD3 
STAT1 
STAT6 
STATIP1 
STC2 
STCH 
STK24 
STK32B 
STRAP 
STX11 
STX18 
STX8 
SUPT4H1 
SUPT5H 
SUPV3L1 
SURF5 
SUV39H2 
SYNJ1 
TADA3L 
TAF2 
TAGLN 
TAGLN2 
TAPBPL 
TARBP1 
TARS 
TATDN1 
TAZ 
TBDN100 
TBL1Y 
TBL3 
TCEB3 
TCERG1 
TCTA 
TCTEL1 
TDG 
TDP1 
TDRD3 
TFIP11 

TFPT 
TGFB2 
THAP1 
THAP7 
THRB 
THY28 
TIMM17B 
TIMM22 
TIMM44 
TIMM8A 
TIMM8B 
TM4SF10 
TM9SF2 
TM9SF4 
TMEM19 
TMEM22 
TMEM25 
TMEM30A 
TMEM4 
TMPO 
TNFRSF17 
TNFRSF1A 
TNFRSF21 
TNFSF9 
TNKS2 
TNPO1 
TOE1 
TOMM70A 
TOP1 
TOPBP1 
TOR2A 
TP53AP1 
TPD52L1 
TPP2 
TPRT 
TPT1 
TRAD 
TRAF3IP1 
TRAPPC3 
TRAPPC4 
TREX1 
TRIB1 
TRIM4 
TRIM52 
TRIM9 
TRIP11 

TRIP13 
TRPA1 
TRRAP 
TSG101 
TSNAX 
TTC4 
TTF2 
TUBA4 
TUBE1 
TUBG1 
TUBGCP3 
TUBGCP6 
TUSC2 
TUSC3 
TUSC4 
TXNDC9 
TXNIP 
TXNL5 
U2AF1 
U2AF2 
U5-116KD 
UBA52 
UBE2H 
UBE2V2 
UBL5 
UBQLN1 
UCHL5 
UGDH 
ULBP1 
ULBP3 
UMPS 
UNC93B1 
UNR 
UQCRB 
UQCRC2 
UROS 
USMG5 
USP15 
USP30 
USP36 
USP49 
USP5 
USP8 
UTP14A 
VAMP1 
VAPA 

VMP 
VMP1 
VPS18 
VPS24 
VPS26 
VPS29 
VPS33A 
VPS35 
VPS45A 
VPS4B 
VPS52 
VRK2 
VRK3 
WARS2 
WASL 
WBP4 
WBSCR1 
WBSCR18 
WBSCR22 
WDFY2 
WDHD1 
WDR12 
WDR13 
WDR37 
WDR9 
WTAP 
XBP1 
XPA 
XRCC3 
XRCC5 
YEATS4 
YIF1 
YWHAB 
YWHAE 
ZA20D1 
ZA20D2 
ZBED3 
ZBTB37 
ZFP37 
ZFP64 
ZMPSTE24 
ZNF133 
ZNF142 
ZNF148 
ZNF155 
ZNF165 
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ZNF183 
ZNF192 
ZNF207 
ZNF224 
ZNF225 
ZNF235 
ZNF263 
ZNF264 
ZNF265 

ZNF281 
ZNF300 
ZNF305 
ZNF317 
ZNF324 
ZNF325 
ZNF330 
ZNF331 
ZNF397 

ZNF410 
ZNF430 
ZNF442 
ZNF443 
ZNF499 
ZNF576 
ZNF581 
ZNF589 
ZNF593 

ZNF639 
ZNF643 
ZNF644 
ZNF655 
ZNF9 
ZSWIM3 
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