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Abstract 

Transcription factors (TFs) control the temporal and spatial expression of target 

genes by interacting with DNA in a sequence-specific manner. Recent advances in high 

throughput experiments that measure TF-DNA interactions in vitro and in vivo have 

facilitated the identification of DNA binding sites for thousands of TFs. However, it 

remains unclear how each individual TF achieves its specificity, especially in the case of 

paralogous TFs that recognize distinct target genomic sites despite sharing very similar 

DNA binding motifs. In my work, I used a combination of high throughput in vitro 

protein-DNA binding assays and machine-learning algorithms to characterize and 

model the binding specificity of 11 paralogous TFs from 4 distinct structural families. 

My work proves that even very closely related paralogous TFs, with indistinguishable 

DNA binding motifs, oftentimes exhibit differential binding specificity for their genomic 

target sites, especially for sites with moderate binding affinity. Importantly, the 

differences I identify in vitro and through computational modeling help explain, at least 

in part, the differential in vivo genomic targeting by paralogous TFs. Future work will 

focus on in vivo factors that might also be important for specificity differences between 

paralogous TFs, such as DNA methylation, interactions with protein cofactors, or the 

chromatin environment. In this larger context, my work emphasizes the importance of 

intrinsic DNA binding specificity in targeting of paralogous TFs to the genome.     
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1 Background  

 

1.1 Transcriptional regulation of gene expression in eukaryotes 

All cells in an organism contain the same genetic information. However, in multicellular 

eukaryotic organisms, cells differentiate and perform different biological tasks. The first 

and probably most important step in a cell’s differentiation process is the regulation of 

its gene expression, when binding of proteins named transcription factors (TFs) to the 

DNA determines whether the DNA sequence of a gene gets transformed into RNA, a 

process known as transcription. TF-DNA interactions are key to transcriptional 

regulation. The regulatory sites that occur in a DNA sequence, also known as “cis-

regulatory elements”, determine which transcription factors can interact with that 

sequence and potentially regulate nearby genes. This regulation can also be affected by 

changes in the concentration, structure, or by modification of the transcription factors 

themselves, with are called “trans-regulatory elements”. 

 

1.2 Transcription factor - DNA interactions 

Transcription factors play essential roles in the regulation of gene expression. In human, 

approximately 300 transcription factors are estimated to be involved in the general 

transcriptional machinery by binding to core promoter elements, while ~1,400 additional 
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transcription factors are actively interacting with DNA in a sequence specific way, and 

thus regulate expression of specific sets of genes (Farnham, 2009; Lander et al., 2001; 

Vaquerizas et al., 2009; Venter et al., 2001). Alternations in the structure, expression, 

modification, or degradation of transcription factors change expression of the 

corresponding target genes, and are often associated with diseases like developmental 

disorders and cancer. For example, it has been estimated that roughly 70% of all cancers 

have some level of deregulation for the transcription factor Myc (Dang, 2012; Meyer and 

Penn, 2008). Therefore, understanding the functions of transcription factors, especially 

how they interact with DNA, is a crucial step in understanding gene expression 

regulation.    

1.2.1 Background 

A fundamental question in studying transcription factor – DNA interactions is: how do 

transcription factors achieve their specificity? In other words, how do proteins identify 

and bind to selected DNA sequences with different affinities? This is a very complicated 

problem given the huge variation in structures of transcription factors as well as 

variations in the 3 -dimensional structure of the DNA. For example, according to the 

Structural Classification of Proteins (SCOP) database (Lo Conte et al., 2000; Murzin et al., 

1995), proteins with available DNA-binding domain structure are classified into over 70 

SCOP superfamilies. While both protein-protein binding and protein-DNA binding 
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involve the 3D interface, protein-DNA binding is a more complicated process than the 

docking of two structurally preferred proteins. Some proteins undergo tremendous 

conformational changes in the presence of DNA (Ellenberger et al., 1992; Weiss et al., 

1990), while some other proteins only bind to DNA in the presence of co-binding TFs 

(Ayer et al., 1993; Nair and Burley, 2003; Zervos et al., 1993). Moreover, DNA can also 

change conformation in the process of TF-DNA binding (Rohs et al., 2010). It is 

estimated that TF-DNA interfaces involve on average 24 protein residues and 12 

nucleotides (Janin et al., 2007), indicating that multiple mechanisms of interaction are 

utilized simultaneously in TF-DNA recognition. Nonetheless, interactions between 

protein and DNA involve two basic mechanisms: direct (or base) readout and indirect 

(or shape) readout. 

1.2.2 Direct interactions (base readout) 

Early low-resolution X-ray structures of TF-DNA complexes reveal that the major 

groove of the DNA helix can form hydrogen bonds with amino acid side chains of the 

proteins. This observation resulted in the idea that short DNA sequences, also known as 

consensus motifs, could be used to represent TF binding sites; the consensus motif 

model has been widely applied to >1500 TFs (Berman et al., 2000; Sussman et al., 1998). 

However, not long after, it was realized that TF-DNA recognition is not a simple one-to-

one relationship. Furthermore, the information required to understand TF-regulated 
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transcription is not the affinity to the most preferred binding site, but the differences in 

affinity to all potential binding sites, also known as ‘specificity’.  

Additional studies and technological advances revealed that one of the most 

important mechanisms for TF-DNA recognition is through direct interactions between 

protein residues and DNA bases, and therefore is called ‘base readout’. Base readout is 

usually mediated through hydrogen bonds between amino acid side chains of the 

protein and bases from DNA major groove or minor groove. Water-mediated hydrogen 

bonds, or hydrophobic contacts are also involved sometimes (Figure 1.1A). Base readout 

accounts for the highest degree of specificity between TF-DNA interactions (Rohs et al., 

2010).  

1.2.3 Indirect interactions (shape readout) 

While direct interaction (or base readout) contributes to almost all TF-DNA interactions, 

variations in bound DNA structure and DNA sequences have also been noticed to 

associate with specificity. ‘Indirect readout’ is defined as TF-DNA interactions that 

depend on base pairs not directly contacted by the protein (Lawson and Berman, 2008). 

Eventually the concept of indirect readout has been expanded to encompass all 

interactions that are not direct. 
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Figure 1.1: Base and shape readout contribute to TF-DNA binding specificity 
(Slattery et al., 2014a). 

Another way of defining indirect readout is as ‘shape readout’, which 

summarizes all types of TF-DNA interactions containing deviation from the ideal B-form 

structure of DNA. Shape readout can be further divided into local shape readout, e.g. 

minor groove narrowing, and global shape readout, e.g. DNA bending (figure 1.1B) 

(Rohs et al., 2010).  

 For most TFs, Combination of both base readout and shape readout is used in 

TF-DNA recognition, with different TFs utilizing readout differently. Figure 1.1C gives 
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three TF-DNA recognition examples. From the left example showing HMG box protein 

(PDB ID 2gzk) which uses primarily shape readout, to the Hox-Exd heterodimer (PDB 

ID 2r5z) which combines base readout and shape readout equally, to the other extreme 

case of Pho4 (PDB ID 1a0a) which uses mostly base readout (Slattery et al., 2014a). 

 

1.3 Transcription factor binding to the genome in vivo 

Binding of TFs to DNA in the cell is much more complicated than interacting with DNA 

in a controlled, cell-free environment. While many factors can influence TF-DNA 

interactions in vivo, and the strength of such influences varies across different protein 

families, intrinsic specificity is fundamental for TF binding to the genome in vivo. 

Another factor can affect TF-DNA interaction in vivo is binding of co-factors. For 

example, Ets1 recognize the GGAA motif with high affinity, and has much lower affinity 

for GGAG. However, when Ets1 interacts with Pax5, the Pax5:Ets1 complex has very 

high affinity for the GGAG motif (Garvie et al., 2001). 

 Moreover, because genomic DNA is mostly packed by histones, and most TFs 

do not possess chromatin-remodeling ability, accessibility of binding sites can also 

greatly impact binding of TFs in the cell. Post-translational modifications on histones can 

regulate chromatin compaction, and have been associated with specific transcription 

factor binding (Farnham, 2009; Slattery et al., 2014a). However, it is unclear whether the 
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modifications on the histones are directing TF binding, or it is a result of TF binding. On 

the other hand, DNA accessibility information has been strongly correlated with 

genomic binding of most TFs, and has been shown to greatly improve in vivo TF binding 

predictions (Slattery et al., 2014a).   

 

1.4 Experimental methods to measure TF-DNA binding 

Development of high-throughput experimental methods greatly facilitated research into 

TF-DNA binding, especially for understanding of TF specificity in vivo by providing 

comprehensive views of TF-interacting DNA sequences. Such information is the basis 

for statistical models that learn and predict TF specificity, and help us understand how 

genetic variations in regulatory regions affect gene expression and cause disease. 

1.4.1 Chromatin immunoprecipitation followed by microarray (ChIP-
chip) or by sequencing (ChIP-seq) 

Recent advances in ChIP-chip and ChIP-seq have allowed global mapping of TF binding 

sites in the genome for hundreds of TFs in different cell types (Buck and Lieb, 2004; 

Mardis, 2007; Schmid and Bucher, 2007). The workflow of ChIP-chip and ChIP-seq is 

shown in Figure 1.1. Over the years, the resolution for detecting genomic binding sites  



 

 

8 

 

Figure 1.2: Workflow of ChIP-chip and ChIP-seq assays [adapted from 
http://en.wikipedia.org/wiki/ChIP-on-chip; http://slideplayer.com/slide/3385783/]. 
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has increased tremendously from ChIP-chip, to ChIP-seq, and later to ChIP-exo (Rhee 

and Pugh, 2012). Genomic targets of specific TFs, as identified by ChIP-seq and similar 

experiments, are currently considered as “gold standard”. Still, a typical ChIP-seq 

experiment can map TF binding sites to a few hundred base pair resolution, and the 

ChIP signal, as measured by the number of reads mapped to a region, is affected by 

multiple factors including chromatin accessibility. Therefore, genomic targets identified 

by ChIP-seq provide more qualitative than quantitative measurements of TF binding in 

vivo, and cannot pinpoint the exact binding sites of specific TFs in most cases.   

1.4.2 High-throughput systematic evolution of ligands by exponential 
enrichment (HT-SELEX) 

HT-SELEX assays can measure the in vitro binding specificity of a TF to its high affinity 

DNA binding sites using sequencing techniques (Jolma et al., 2010). Briefly, a library of 

double-stranded DNA (dsDNA) molecules is incubated with immobilized TF. After 

washing, the bound oligonucleotides are amplified and used as new set of ligands for 

subsequent selection cycles. The bound dsDNA population is then subjected to high-

throughput sequencing to infer specificity. The design of HT-SELEX incorporates PCR 

and sequencing, and the popularity of these two techniques may contribute to the wide 

application of HT-SELEX. To date, specificities of thousands of TFs have been measured 

and analyzed using HT-SELEX or a variant of the assay, called SELEX-seq (Dror et al., 

2014; Jolma et al., 2013; Slattery et al., 2011). 
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1.4.3 Mechanically induced trapping of molecular interactions (MITOMI) 

MITOMI is a high-throughput in vitro assay that can directly reveal absolute affinity 

measurements of a TF to its interacting DNA oligonucleotides, including very low 

affinity ones (Maerkl and Quake, 2007). In such an experiment, a microfluidic device is 

aligned to a microarray with Cy5-labeled DNA, fluorescent antibody is immobilized to 

the surface (which can protect TFs from being washed away during mechanical 

trapping), and fluorescent intensity maps of target DNA concentrations are generated 

and used to calculate affinities. While MITOMI is the first high-throughput experimental 

system that gives absolute affinity measurements, complications in setting up the system 

hinder its wide application. So far, there are only a few TFs that have affinity 

measurements to selected DNA sequences using MITOMI (Carlson et al., 2010; Fordyce 

et al., 2010).  

1.4.4 Protein binding microarray (PBM) assays 

PBM is a high-throughput in vitro assay that can measure the specificity of a TF to tens of 

thousands of DNA sequences (Berger et al., 2006). Double stranded DNA molecules are 

immobilized to the microarray, and incubate with purified TF. After washing out non-

specifically bound TFs, fluorescent antibody is applied and TF specificity is inferred 

from fluorescence signal. A commonly used design of the DNA microarray library, 

known as a ‘universal array’, contains all possible 10-bp DNA sequences, and is 
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typically used to obtain specificity scores for all possible 8-mers, as represented by E-

scores (enrichment scores) (Figure 1.3). More recently, custom designs of DNA 

microarray libraries for PBM experiments have been reported, including genomic-

context PBM (gcPBM), which uses genomic sequences synthesized de novo on the 

microarray (Gordan et al., 2013). The PBM experiment is microarray-based. As a result,  

 

Figure 1.3: Workflow of universal PBM. 
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its high-throughput, short work cycle, and affordability make the PBM assay is to adopt 

by many research groups. To date, the specificities of thousands of TFs have been 

measured using PBMs (Badis et al., 2009; Weirauch et al., 2013; Weirauch et al., 2014).  

 

1.5 Statistical models to describe TF-DNA binding 

In parallel to experimental approaches to studying TF-DNA interactions, a number of 

statistical models have been developed to represent the binding specificity of TFs. 

1.5.1 Position weight matrices 

The position weight matrix (PWM), which models the probability of each nucleotide 

occurring at each position in the TF binding site, is the most widely used model to 

represent TF specificity (Stormo, 2000). This model typically contains information for 

very short sequences, and highlights the most preferred DNA binding site of a TF. The 

PWM is a simple and intuitive way to represent specificity, and can be easily applied to 

various experimental systems, including both low throughput and high throughput 

experiments. However, there are several limitations of using PWMs to represent 

specificity. First of all, the PWM assumes that each nucleotide contributes to TF-DNA 

binding affinity independently, an assumption that has been proven incorrect for many 

TFs. Moreover, PWMs only contain information for very short sequences, while it has 

been shown for many TF families that flanking sequences can greatly influence TF-DNA 
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binding. Consequently, more complex statistical models have been developed to 

represent TF specificity.  

1.5.2 Models that include dependencies among positions in TF binding 
sites 

The limitations of assuming independence between neighboring nucleotides as the 

PWM does have been recognized, and almost all statistical models developed later on 

include dependencies of neighboring nucleotides (Alipanahi et al., 2015; Bulyk et al., 

2002; Kahara and Lahdesmaki, 2013; Riley et al., 2015; Zhou and Liu, 2008). Dinucleotide 

weight matrices (DWMs) represent a generalization of PWMs obtained by taking into 

account the frequencies of dinucleotides (Zhao et al., 2012). More sophisticated models 

using not only 2-mers (dimers), but also 3-mers, k-mers and gapped k-mers have been 

reported for TF-DNA specificity modeling, all of which have big improvement in 

prediction accuracy compared to PWM (Alipanahi et al., 2015; Kahara and Lahdesmaki, 

2013; Riley et al., 2015; Zhou and Liu, 2008). In my work I developed and used positional 

k-mer SVR models, which are described in detail in 2.4.4. 

 

1.6 Paralogous transcription factors and their genomic targets 

Gene duplication is considered a major driver for functional divergence during 

evolution. The process of purifying selection after duplication allows an organism to 
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expand its existing functions to more specialized and diversified functions controlled by 

individual genes (Lynch and Conery, 2000; Wagner, 2002). In particular, duplication of 

transcription factor-encoding genes and the resulting expansion of transcription factor 

families play a critical role in the elaboration of transcriptional regulation networks 

during evolution of organisms (Cheatle Jarvela and Hinman, 2015; Chen and Rajewsky, 

2007; Hsia and McGinnis, 2003). 

Paralogous TFs refer to TFs expressed in the same organism and evolutionarily 

related by gene duplication. Expansion of TF families and increase in the number of 

paralogous TFs within a protein family often lead to diversified biological functions 

carried out by specialized individual TFs.  

One way to ensure such specialization and diversification is by regulating the 

spatio-temporal expression of paralogous TFs, such that they are located in different 

tissues or at different times during the cell cycle, to avoid redundancy. This is a common 

mechanism as observed for a variety of TFs in different TF families. For example, in the 

E2F family, E2F1 and E2F3 are strictly cell cycle regulated, only express during the S 

phase, whereas E2F4 is expressed relatively stable during cell cycle (Attwooll et al., 

2004). Another example in the Runx family: Runx1, also known as AML1, is highly 

expressed in hematopoietic stem cells and is involved in blood cell differentiation 

(Elagib et al., 2003; Goldfarb, 2009; Hyde et al., 2015; Lacaud et al., 2002), whereas 
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Runx2, also known as CBFA1, is expressed in osteoblast cells, regulating the 

differentiation of bone (Komori, 2008, 2011; Komori et al., 1997; Liu and Lee, 2013; 

Pratap et al., 2003).   

Another way of accomplishing such diversification is through mutations in 

protein coding sequences of TFs. Changes in the protein sequence of the DNA binding 

domain can alter a TF’s DNA binding specificity, and thus change the corresponding 

genomic targets and regulated biological functions.  

While paralogous TFs often have different genomic targets in vivo, it is not well 

understood how close paralogos with very similar DNA binding motifs achieve 

different specificity and identify their unique genomic targets. For some TFs, co-factors 

have been shown to affect binding specificity and account partially for their unique 

genomic target (Mann et al., 2009; Siggers et al., 2011; Slattery et al., 2011). Some other 

studies show that some TFs have evolved with slightly different DNA binding 

specificity, that contribute to their specialized genomic targeting (Badis et al., 2009; 

Gordan et al., 2013; Wei et al., 2010).  

 

1.7 Goals and contributions 

The main goal of my work is to understand and characterize the differential DNA 

binding specificities between paralogous transcription factors, using both high-
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throughput experimental systems and machine learning algorithms. My design of 

gcPBM assays allows me to get high quality, high-throughput measurements of the 

specificity of TFs to genomic DNA sequences in vitro. Comparisons of the specificities 

measured by gcPBM shed light on the sequence features that differentiate paralogous 

TFs, whereas SVR models built based on sequence features and DNA shape features 

allow me to characterize the DNA binding specificity of paralogous TFs, as well as to 

make accurate predictions on the differential preferences between paralogous TFs to 

certain genomic DNA sequences. First of all, I developed a set of positional SVR models 

based on k-mer features and DNA shape features that can accurately predict specificity 

of TFs (See chapter 3 for details). My later work shows for the first time that paralogous 

TFs believed to have identical in vitro specificities interact differently with their putative 

genomic targets even in vitro. Importantly, the differential in vitro specificities between 

paralogous TFs help explain, in part, their differential genomic binding patterns in vivo 

(See chapter 4 for details). By combining high-throughput experiments with 

computational modeling, my work answers a very fundamental yet rarely explored 

question in biology.  
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1.8 Outline 

Chapter 1 introduces the general background of TF-DNA interactions, and commonly 

used experimental and statistical methods to study and characterize TF-DNA binding 

specificity. 

Chapter 2 describes the differential DNA binding specificity between paralogous 

TFs Myc and Mad. Myc and Mad are paralogous TFs believed to have identical DNA 

binding specificity, but opposite biological function in gene expression regulation upon 

binding to DNA. In this chapter, I combined gcPBM assays with SVR modeling to study 

the differential specificity between Myc and Mad to their genomic targets, and inferred 

the contribution of their intrinsic specificity to their differential genomic targeting and 

biological functions. 

In chapter 3, I expanded the sequence-based SVR models to incorporate DNA 

shape features in addition to DNA sequence features, and applied the shape-augmented 

model to study the DNA binding specificity of 68 mammalian transcription factors. My 

work shows that incorporating DNA shape into the SVR models can achieve better 

prediction accuracy compared to mononucleotide-based sequence features in SVR. 

Furthermore, shape-augmented models can be used to study the DNA shape 

preferences of the TFs of interested, which provides unique mechanistic insights into TF-

DNA recognition. 
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Chapter 4 expands the study of differential specificity between paralogous TFs to 

13 paralogous TFs in 5 distinct structural families. In this chapter, I proved that it is a 

general rule for paralogous TFs to have differential DNA binding specificity, which 

plays a role in their differential genomic targeting. In addition to that, I also found 

examples where paralogous TFs have identical DNA binding specificity, and inferred on 

the origin of specificity differences between paralogous TFs.  

Chapter 5 provides overall conclusions of my work, and discussion of future 

directions. 

 



 

19 

2 Characterization of DNA binding specificity differences 
between closely related transcription factors Myc and Mad 

 

2.1 Introduction 

Proteins of the MYC family, including c-Myc, N-Myc, and L-Myc, were among the first 

onco-proteins identified. Among the three MYC proteins, c-Myc (referred to as Myc in 

this chapter) is the most widely expressed and most commonly associated with cancer; 

the role of L-Myc is poorly understood, while the expression of N-Myc is typically 

restricted to neuronal cells (Dang, 2012). Despite the fact that Myc has been extensively 

studied in the past few decades (Cole and Henriksson, 2006; Felsher and Bishop, 1999; 

Meyer and Penn, 2008; Pelengaris et al., 1999; Sodir and Evan, 2011; Sodir et al., 2011), it 

remains a critical oncoprotein whose regulation and function are not fully understood. 

Myc has been identified as a pivotal player in a number of biological processes: it 

plays major roles as a transcriptional activator during cell growth and proliferation 

(Dang, 2012; Meyer and Penn, 2008); it promotes transcriptional pause release (Rahl et 

al., 2010); it can recruit DNA replication licensing factors (Dominguez-Sola et al., 2007); 

it is involved in cap-dependent translation, energy metabolism, and mitochondrial 

function, deregulation of which can contribute to tumorigenesis (Dang, 2012; Luscher 

and Vervoorts, 2012). The functional importance of Myc has lead to numerous studies 

aimed at identifying target sites and genes regulated by Myc (Cappellen et al., 2007; 
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Fernandez et al., 2003; Lee and Dang, 2006; Luscher and Vervoorts, 2012; Menssen and 

Hermeking, 2002; Orian et al., 2003; Shiio et al., 2002; Watson et al., 2002). However, Myc 

genomic targets characterized in different cell lines, or by different groups, are rarely 

consistent. For example, a ChIP-chip study in Burkitt’s lymphoma cells identified 876 

Myc binding sites (Li et al., 2003), whereas another study using ChIP-PET identified 

4,296 Myc binding loci in human B cells (Zeller et al., 2006), with little overlap between 

the two studies. Ji et al. (Ji et al., 2011) recently reported a “Myc core signature (MCS)” 

composed of 50 genes regulated by Myc in four tumorigenic human cell lines and in 

embryonic stem cells; many MCS genes are involved in biomass accumulation. While 

the study provided valuable information about Myc recruitment and function, it did not 

explain how in different cell types Myc is recruited to different sets of targets outside the 

common MCS. Two recent studies tried to address this question and reported that Myc 

functions as a universal transcriptional amplifier by binding the promoters of many 

active genes (Lin et al., 2012; Nie et al., 2012). In conclusion, the results of previous 

studies suggest that genomic recruitment of Myc depends significantly on the state of 

the cell in which Myc is expressed. However, the precise mechanisms by which Myc 

selects its genomic target sites are not well understood. 

Myc belongs to the basic helix-loop-helix/leucine zipper (bHLH/Zip) family of 

TFs. In order to bind DNA efficiently and perform its functions, Myc heterodimerizes 

with another bHLH/Zip TF, Max (Blackwood and Eisenman, 1991; Blackwood et al., 
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1992; Ecevit et al., 2010; Luscher and Larsson, 1999; Prendergast et al., 1991). Myc:Max 

heterodimers recognize E-box sequences (5’-CAnnTG-3’), with CACGTG being the 

preferred site. Alternative binding motifs of Myc, e.g. CACATG and CACGCG, have 

also been reported, but little is known about the mechanism and functional effects of 

Myc binding to alternative motifs (Blackwell et al., 1993; Lin et al., 2012; Perna et al., 

2012). 

Despite some reports on Max independent functions of Myc (Cascon and 

Robledo, 2012; Hishida et al., 2011; Ribon et al., 1994; Steiger et al., 2008; Uribesalgo et al., 

2011), it is now generally accepted that the function of Myc as a TF is primarily enabled 

through hetero-dimerization with Max. Max, on the other hand, can also homodimerize 

and heterodimerize with other bHLH/Zip TFs, including Max-dimerization (Mxd) 

proteins (also known as Mad family proteins and referred to as Mad hereafter), the Max-

binding protein (Mnt), and Max gene-associated protein (Mga). The human genome 

encodes four Mad TFs: Mad1 (Mxd1), Mad2 (Mxi1), Mad3, and Mad4. Mad, Mnt, and 

Mga proteins have DNA binding specificity similar to Myc and they act mostly as 

transcription repressors. Hence, they have been proposed as Myc antagonists (Cascon 

and Robledo, 2012; Ecevit et al., 2010; Hu et al., 2005; Solomon et al., 1993). Among the 

Mad TFs, Mxi1 (also known as Mad2) is the only Myc antagonist that shows function as 

tumor suppressor, according to a mouse model (Foley and Eisenman, 1999; Schreiber-

Agus et al., 1998; Zervos et al., 1993). However, over-expression of Mad in several cell 
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lines renders moderate phenotypes, leading to a delay of cell cycle instead of abolishing 

cell proliferation. Still, little work is being done to characterize and understand the 

genomic profiles of Myc and Mad.  

On the other hand, though it is well accepted that Myc and Mad both recognize 

the CACGTG E-box core, the sequence specificity differences between Myc and Mad 

have been highly debated. The binding specificities of Myc and Mad factors have been 

compared in several studies but with conflicting findings: some studies report identical 

DNA binding specificities for Myc and Mad (James and Eisenman, 2002; Nikiforov et al., 

2003), while others suggest that Myc and Mad have moderately different sequence 

specificities and only share a subset of target sites (Blackwell et al., 1993; Hu et al., 2005; 

O'Hagan et al., 2000; Solomon et al., 1993). Previous studies comparing the sequence 

specificity between Myc and Mad are either low throughput, and thus prone to bias, or 

they used only the DNA-binding domain of the TFs, which specificity might be different 

from that of full-length proteins. To our knowledge, a high throughput, quantitative 

comparison of the sequence specificities and genomic binding profiles of Myc and Mad, 

both in vitro and in vivo, is absent to date. 

In this study, we investigated the competition between Myc and Mad 

transcription factors in terms of their innate sequence specificity. We asked the following 

questions: is there any difference in sequence specificity between the closely related TFs 

Myc and Mad? If so, what are the sequence features preferred differently by Myc and 
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Mad? Does the different intrinsic sequence specificity affect the genomic targeting of 

Myc and Mad? Are there distinct genomic binding profiles or associated biological 

functions for the sites differentially preferred by Myc and Mad? To answer these 

questions, we applied the quantitative, high-throughput genomic-context protein-

binding microarray (gcPBM) assay. Using data from gcPBM experiments, we were able 

to identify the differences in binding specificity between Myc and Mad, and relate their 

differences in innate binding specificity to their different in vivo genomic target sites. 

Furthermore, we built computational models to understand the sequence specificity of 

Myc and Mad. Most importantly, we observed that genomic regions preferred 

differently by Myc and Mad have distinct distributions of genomic location, chromatin 

environment, and distinct biological functions. 

 

2.2 Results  

2.2.1 Myc recognizes non-E-box sequences with high affinity 

It is known for decades that Myc prefers to bind to the canonical E-box sequence motif 

CACGTG (Blackwood and Eisenman, 1991; Blackwood et al., 1991). In addition to the 

canonical E-box motif, alternative binding motifs have also been reported through low-

throughput experiments in vitro, as well as motif enrichment methods applied to in vivo 

Myc ChIP-seq data (Blackwell et al., 1993; Lin et al., 2012; Perna et al., 2012). However, 

previous studies typically only looked at Myc preference for E-box motifs, ignoring the 
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possibility that certain E-boxes are disfavored by Myc, and also that some non-E-box 

motifs may bind Myc at relatively high affinity (Fernandez et al., 2003; Lin et al., 2012; 

Meyer and Penn, 2008; Nie et al., 2012; O'Hagan et al., 2000; Zeller et al., 2006). To out 

knownledge, it is still unclear what alternative motifs Myc might recognize, and whether 

Myc has high affinity for certain non-E-box motifs.  

To learn about the binding specificities of Myc for different E-box sequences and 

non-E-box sequences, we carried out an universal PBM experiment for Myc. PBM 

experiments performed on universal DNA arrays (Berger et al., 2006) provide 

measurements of TF binding to all possible 8bp DNA sequences (8-mers), as well as a 

measure of the PBM enrichment score (E-score) for each 8-mer. E-scores range from -0.5 

to 0.5, with higher values corresponding to higher sequence preference (Berger et al., 

2006). We calculated average E-scores (AE scores) for all 6bp E-box sequences and E-

box-like (non-E-box) sequences (Figure 2.1a). Because the AE scores reflect the affinity of 

6-mer motifs for Myc, we first checked whether the affinities of 6-mer motifs are 

correlated to their enrichment in genomic targets in vivo. As expected, the AE scores are 

highly correlated with the enrichment of the corresponding 6-mer in Myc genomic 

targets, as measured by ChIP (Figure 2.1b). Next, we looked more closely at the motifs. 

In accordance to current knowledge, the canonical E-box motif CACGTG has the highest 

AE score. Surprisingly, however, we found a wide range in AE scores (from -0.2 to 0.5) 

for different E-box sequences, suggesting that Myc has distinctly different preferences 
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for different E-boxes. In addition, out of 10 possible E-box motifs (Figure 2.1A, red bars), 

only 2 E-box motifs, CACGTG and CACATG, can be bound specifically by Myc, as their 

AE scores are above 0.35, the general cutoff for calling specific binding (Berger et al., 

2006). The rest of the E-box motifs have dramatically lower AE scores and some motifs 

are disfavored by Myc, showing average AE score below 0 (Figure 2.1A, red bars).   

Interestingly, we found several non-E-box sequence motifs that have high AE 

scores, such as CACGCG, suggesting that some non-E-box sequence motifs have higher 

affinity for Myc than non-canonical E-box sequence motifs. The relatively high affinity of 

Myc for these non-E-box motifs correlates well with the number of ChIP-seq peaks 

bound by Myc in vivo (Figure 2.1A and 2.1B), suggesting that specificity guided binding 

of Myc for these non-E-box motifs.  

Note that the motifs tested are not independent from each other, thus can have 

great impact on the occurrence of motifs in ChIP-seq peaks. In addition, occurrences of 

motifs not highly preferred by Myc can indicate binding of potential co-factors, and thus 

simply counting the number of ChIP-seq peaks with occurrences of the motifs does not  
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Figure 2.1: Myc binding preferences for E-box and non-E-box motifs, in vitro 
and in vivo. (A) Myc average E-scores of 8-mers containing specific motif. (B) Number 
of Myc peaks, in K562 cells, containing the motif of interest, excluding peaks that contain 
motifs with higher rank. (C) Number of Myc peaks, in K562 cells, containing the motif of 
interest, regardless of occurrences of other motifs. E-box motifs are colored in red, and 
non-E-box motifs are colored otherwise. Grey dotted line highlights the general E-score 
cutoff (0.35) for calling specific binding. 

result in high correlation between in vitro AE scores and the number of ChIP-seq peaks 

bound by Myc in vivo (Figure 2.1C). On the other hand, counting the total number of 

peaks, after substracting peaks containing higher affinity motifs, ranked by AE scores 

reduces the biases mentioned above, and shows correlation with Myc DNA binding 

specificity as represented by in vitro AE scores (Figure 2.1B).  
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2.2.2 Despite having similar DNA-binding domains and similar PWMs, 
Myc and Mad interact with different sets of genomic targets in vivo 

Transcription factors from the bHLH family generally recognize DNA sequences known 

as the E-box motif (CAnnTG), with different members having different preferences for 

the two central base pairs (Atchley and Fitch, 1997). To get an overview of the 

similarities and differences in DNA binding specificity between Myc and other bHLH 

TFs, we applied a clustering method to the DNA binding specificity data generated by 

universal PBMs. We analyzed several bHLH TFs in human and mouse, and compared 

their 8-mer E-score profiles and E-box average E-scores (Figure 2.2). Among Myc 

paralogs from the bHLH family, Max and Mad proteins (including Mxd1, also known as 

Mad1) share the highest similarity to Myc in terms of binding specificity, according to 

their E-score profiles.  
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Figure 2.2: DNA binding specificity divergence among members of the bHLH 
family, represented by universal PBM E-scores. Data for 30 human and mouse bHLH 
TFs is shown. E-score profiles were clustered both by TF (rows) and by 8-mer (columns) 
for any 8-mer bound (E-score >= 0.35) by at least one TF. 

Since DNA sequence is a major factor that determines TF binding, it is expected 

that the genomic binding profiles of Myc and Mad proteins highly overlap. However, 

the genomic regions bound by Myc and Mad (in particular, by Mxi1 or Mad2, the only 

Mad factor with available in vivo data), as determined by ChIP-seq experiments in 

multiple cell lines, are different (Figure 2.3). Intriguingly, previous studies suggest that 

binding of Myc generally leads to gene expression amplification, whereas binding of 

Mad2 represses gene expression (Ayer et al., 1993; Schreiber-Agus et al., 1998; Zervos et 
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al., 1993). The fact that Myc is an oncoprotein, whereas Mad proteins function as tumor 

suppressors, makes it critical to understand how Myc and Mad compete with each other 

in order to bind to DNA. 

 

Figure 2.3: Comparison between Myc and Mad in terms of regulatory 
functions (activator (A) versus repressor (B), DNA binding domain structure (C,D), 
DNA-binding motifs (E,F), and genomic targets in different cell types (G,I). 

To understand whether the binding specificities of Myc and Mad are the same, we 

compared all the 8-mer E-scores between Myc and Mad. We found that, despite high 

correlation, the binding specificities between Myc and Mad are different (Figure 2.4). 

This suggests that Myc and Mad have different DNA sequence specificities in vitro. 
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Figure 2.4: Comparison of universal PBM 8-mer E-scores for Myc and Mad. 

2.2.3 DNA binding specificity of Myc and Mad are different in their 
genomic context in vitro 

To further study the sequence specificity of Myc and Mad in a quantitative, high-

throughput manner, we designed genomic-context PBM (gcPBM) sequences and carried 

out PBM experiments to measure the binding intensities of Myc and Mad to genomic 

DNA sequences (Gordan et al., 2013). The workflow for the gcPBM assay is shown in 

Figure 2.5. The advantage of using gcPBM is that instead of testing sequence specificity 

on artificial sequences, the signal intensities measured on gcPBM can provide more 

insights into the binding specificity of TFs for actual genomic sequences. In addition, by 

fixing the putative binding site in the center of the probe, we can better study the effect 

of flanking sequences on binding specificity. As described in our previous study 

(Gordan et al., 2013), gcPBM captures the great impact of flanking sequences to sequence 

specificity. 
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Figure 2.5: Workflow of the gcPBM assay. 

If Myc and Mad have identical specificities, we expect their DNA binding signals 

from the gcPBM experiment to be highly correlated, as in replicate experiments (R2=0.92; 

Figure 2.6A). However, direct comparison of the PBM binding intensities between Myc 

and Mad demonstrates that despite high similarity, the binding specificities are not the 

same (R2=0.86; Figure 2.6B). To ensure that the difference is not caused by experimental 

artifacts, we repeated the experiment several times, under different conditions (data not 

shown). While slight changes occur under different experimental conditions, the trends 

in their specificity difference remain the same. In conclusion, our gcPBM data confirms 

our previous hypothesis, demonstrating differences in intrinsic DNA-binding 

specificities between Myc and Mad. 
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Figure 2.6: Comparison of in vitro occupancy as measured by gcPBM. 

2.2.4. SVR models accurately predict the in vitro sequence specificities of 
Myc and Mad 

To understand what sequence features contribute to the DNA binding specificity of Myc 

and Mad, and to generalize the TF-DNA specificity in order to make predictions on all 

genomic sequences, we developed a combined support vector regression model (see 

more details in methods). Because Myc and Mad show different preferences to different 

core E-box or E-box-like sequences, we speculate that the alternative modes of binding 

cannot be accurately captured using one simple SVR model. Therefore, we built a 

combined SVR model which describes probes with different cores separately. For each 

core subset, we build an epsilon support vector regression model (e-SVR) using 1mer, 

2mer, and 3mer sequence features, as described in our previous work (Gordan et al., 

2013) and in detail in 2.4.4. We applied an iterative five-fold cross-validation procedure 

to train the parameters for each SVR model and to estimate our model performance by 
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predicting on each of the five-fold data for each subset matrix. We used linear kernel in 

the combined SVR models, and obtain very good prediction accuracy: squared Pearson 

correlation coefficient (R2) between real and predicted occupancy scores for both Myc 

and Mad were > 0.92, indicating that the combined SVR models accurately capture the 

DNA binding specificities of Myc and Mad (Figure 2.7).  

 

Figure 2.7: Prediction accuracy of combined SVR models for Myc and Mad. 

The combined SVR models can be applied to make predictions on sequences not 

tested on the gcPBM, allowing accurate specificity prediction of occupancy scores for 

any genomic region potentially bound by Myc or Mad. In addition, linear SVR models 

support quick calculation of sequence feature weights, which facilitates our study of the 

differential preferences of Myc and Mad for certain flanking sequences 
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2.2.5. E-box cores and flanking sequences contribute to differences in 
DNA binding specificity between Myc and Mad 

The gcPBM data provides unique insights into the DNA binding specificity of tested TFs 

in a quantitative, high-throughput manner. Facilitated by the results from gcPBM for 

Myc and Mad, we are able to study the sequence specificity of Myc and Mad accurately 

and comprehensively.  

The TF-DNA binding signal in our gcPBM experiment is influenced both by the 

core sequences (commonly defined as the central 6mers, which are mostly E-boxes), and 

by the sequences flanking the core. We define the 2bp sequences immediately upstream 

and downstream of the core sequence as “proximal flanks”, and base pairs farther away 

as “distal flanks” (Figure 2.8A). In agreement with previous studies of Myc and Mad, 

the core sequence, as well as the 2bp proximal flanks affects the DNA binding specificity 

greatly (Zervos et al., 1993). As shown in figure 2.8B, the signal intensities for fixed core 

sequences for Myc can range from non-specific binding (i.e. in the negative control range) 

to the highest affinity binding signal. Furthermore, our analysis of the gcPBM data 

reveals that in addition to the E-box site and the proximal flanks, the distal flanks also 

contribute to the DNA binding specificities of Myc and Mad. For example, for the fixed 

10bp core CCCACGTGGG, there is still a large variation in signal intensity range for 

both Myc and Mad, indicating the effect of distal flanks on the DNA binding specificity 

of the two proteins (Figure 2.8C). 
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Figure 2.8: Influence of flanking sequences on DNA binding specificity. 

A direct comparison of binding intensities for genomic DNA sequences between 

Myc and Mad shows differences in sequence specificity coming from both core and 

flanking sequences (Figure 2.9). For example, for the canonical core sequence CACGTG, 

the expanded site CCCACGTG is preferred more by Mad than Myc, whereas 

GCACGTGC is preferred more by Myc than Mad (Figure 2.9B-D). Intriguingly, in 

addition to the different preferences for flanking sequences, we also observed different 

preferences for the core sequences between Myc and Mad. For example, the CACATG 

core motif is slightly more preferred by Myc than Mad (Figure 2.9E), and the CACGCG 

core is clearly more strongly preferred by Myc (Figure 2.9F). We also found additional 

core motifs that are preferred differently by Myc and Mad (Figure 2.10). Alternative 
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modes of binding and alternative sequence motifs for Myc have been reported in 

previous studies (Blackwell et al., 1993; Lin et al., 2012; Perna et al., 2012). However, 

sequence specificity of Mad for alternative Myc binding sites has never been explored. In 

addition to confirming previous reports about alternative binding motifs of Myc, we 

quantitatively characterizing the preference of Myc for the alternative cores, and showed  

 

Figure 2.9: Both flanking and core sequences contribute to differential DNA 
binding specificity between Myc and Mad. (A-F), scatterplot between Myc and Mad 
occupancy scores highlighting probes containing specific core/flank sequence. (G-H), 
scatterplot between 1-mer, 2-mer, and 3-mer sequence feature weights in SVR models. 
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that they are preferred differently by Myc and Mad. We reason that for genomic regions 

that have different affinity for Myc versus Mad, the two TFs will compete differently, 

and thus one of the two TF will primarily occupy these genomic regions, which should 

be reflected by the in vivo data. 

 

Figure 2.10: All major cores identified as bound by Myc or Mad in this study. 
Myc specificity is shown on the x axis. Mad specificity is shown on the y axis. 

2.2.6. Different in vitro sequence preferences of Myc and Mad help 
explain their differential genomic targeting in vivo 

Next, we asked the question whether the differential binding specificity between Myc 

and Mad is reflected in their different genomic target sites in vivo. To test this, we 
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calculated the ratio of Myc versus Mad gcPBM and PWM signal in ChIP-seq peaks 

unique to Myc and Mad, respectively (Figure 2.11A-B). Figure 3D demonstrates that the 

Myc/Mad ratio in gcPBM signal is significantly higher in Myc unique peaks than Mad 

unique peaks, which is not captured using the PWM model (Figure 2.11C). Therefore, 

our gcPBM data shows that Myc and Mad have different DNA binding preferences, and 

the differences in intrinsic sequence specificity are relevant for their in vivo genomic 

binding profiles. 

 

Figure 2.11: Differential specificities between Myc and Mad measured on 
gcPBM partially explain differential genomic targets in vivo. 
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2.2.7. Myc genomic binding regions where Myc and Mad compete 
differently also have different genomic distributions, chromatin 
environments, and biological functions. 

We have identified alternative core motifs that favor Myc over Mad in vitro and in vivo 

(Figure 4a). The next question we asked is: what are the biological meanings of the 

alternative cores? To understand this, we mapped the Myc ChIP-seq peaks that contain 

only one of the following three cores: CACGTG, CACGCG, or CACATG. For each 

subset of Myc ChIP-seq peaks, we checked their distance to transcription start site (TSS).  

 

Figure 2.12: Genomic distributions and biological functions are different 
among Myc binding core motifs. 
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Intriguingly, the distributions of distance to TSS among the three subsets are distinctly 

different. The CACGTG subset peaks are relatively equally distributed, the CACGCG 

subset peaks are mostly in TSS-proximal regions, whereas the CACATG subset peaks 

occur at regions distal to TSS (Figure 2.12b). Moreover, when we compare the level of 

histone marks on the three cores, we also find significant differences (Figure 2.13). 

To further investigate the biological meanings of the alternative motifs, we 

assigned the subset peaks to the closest TSS and carried out a Gene Ontology (GO) 

enrichment test (Figure 2.12c). Interestingly, the CACATG subset peaks are highly 

enriched in immune-related functions. These results imply that not only do Myc and 

Mad have different binding preferences for these core motifs, but also these core motifs 

are related to different biological functions. 
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Figure 2.13: Histone marks are different among Myc peaks with different 
binding cores. 

2.2.8. The differential binding specificity of Myc and Mad, as predcted 
by in vitro-based models, is reflected in the in vivo binding profiles of 
the two proteins 

To generalize the binding specificity of Myc and Mad for all their putative genomic 

target sites, we developed a support vector regression model which captures the 

sequence features of PBM probes. Because Myc shows high affinity for several different 

cores, we speculate that the alternative modes of binding cannot be accurately captured 

using one simple SVR model. Therefore, we built a combined SVR model that describes 

each alternative core separately. Using 5-fold cross-validation, we confirmed that our 

combined SVR model reaches high prediction accuracy. The combined SVR model 

allows us to compare the flanking sequence preferences between Myc and Mad, as well 
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as flanking sequence preferences of the same TF between different core motifs. As 

expected, for CACGTG, Myc and Mad have very similar sequence preferences, with R2 = 

0.7016. Interestingly, when comparing the sequence preferences of Myc for two different 

core motifs, the feature weights are distinctly different between CACGTG and CACATG 

motifs, indicating the two motifs utilize different mechanisms of binding when 

interacting with Myc. 

 To test whether our combined SVR models accurately captures the subtle 

differences in specificity between Myc and Mad, we applied the combined SVR model to 

make predictions on ChIP-seq peaks for Myc and Mad from HelaS3 and Human ES cells. 

Because these peaks were not included in the design of the gcPBM, most of the 

sequences are not measured by gcPBM. If differential specificities between Myc and 

Mad account for, at least in part, the differential genomic targets of Myc and Mad, and 

our combined SVR model captures such differences (although they were not captured 

by PWMs), we would expect genomic sites bound only by Myc to have more Myc 

preferred sites, and genomic sites bound only by Mad to have more Mad preferred sites.  
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Figure 2.14: Combined SVR models trained on gcPBM data can predict, in part, 
differentially preferred sites between Myc and Mad in vivo. 

Using DESeq to call uniquely bound peaks, and taking the ratio in predicted occupancy 

scores between the two TFs, we show that indeed Myc unique peaks have significantly 

higher ratio in predicted occupancy scores between Myc vs Mad, and vice versa (Figure 

2.16). In contrast, applying the same approach using PWM models cannot capture 

specificity differences in uniquely bound genomic regions. 
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2.3 Discussion 

In this study, we applied gcPBM assays to make high-throughput comparisons between 

the binding specificities of human Myc and Mad transcription factors. We found that 

both flanking sequences and core sequences contribute to the differential DNA binding 

specificities of Myc versus Mad. In addition, we identified alternative core sequence 

motifs preferred differently by Myc and Mad. Furthermore, we showed that the 

alternative core motifs have distinct distributions in distance to TSS, different level of 

active histone marks, and are involved in different biological functions.  

Interestingly, besides the canonical core motif CACGTG, we identified several 

alternative core motifs including both E-box and non-E-box motifs for Myc, and we 

found that Myc has a stronger preference for alternative motifs than Mad. While 

alternative binding motifs for Myc have been reported before (Blackwell et al., 1993; Lin 

et al., 2012), to our knowledge, our study is the first to compare specificity over 

alternative cores between Myc and Mad. As a result of this comparison, we are the first 

to explain why, in previous functional studies of Mad, over-expression of Mad could not 

fully recover the “Myc effect” (Blackwood et al., 1991; Foley and Eisenman, 1999). Also, 

our study sheds light on therapeutic targeting strategies for Myc, as discussed below. 

Myc is an appealing candidate for cancer therapeutic targeting: its deregulation 

is involved in about 70% of human cancers, and it plays important roles in many 

fundamental biological processes (Dang, 2012). Myc targeting strategies include 
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inhibition of Myc expression, disruption of Myc-Max dimerization, and inhibition of 

Myc target genes (Dang et al., 2009; Delmore et al., 2011; Kiessling et al., 2006; Mertz et 

al., 2011). However, the essential role of Myc in normal cells makes inhibition of Myc 

expression and disruption of Myc-Max dimerization a suboptimal choice, while 

inhibition of specific Myc target genes is limited to specific cellular processes and thus 

less likely to be effective overall (Cascon and Robledo, 2012). Therefore, a better 

understanding of how TFs present in the cellular environment influence Myc genomic 

recruitment and transcriptional activity is critical for any therapeutic approach based on 

Myc targeting. 

In particular, our results show the targeting of Myc by overexpression of Mad 

competitors is not a feasible strategy, as Mad can only compete efficiently with Myc at 

CACGTG binding sites. Thus, a strategy based on Myc antagonists would have to use 

repressors others than, or in addition to, transcription Mad, in order to out-compete Myc 

genome-wide. 

  

2.4 Materials and methods  

2.4.1 Design of gcPBM 

In designing the 36-bp probes to be tested on the gcPBM, we focused on genomic 

regions bound by either Myc or Mad in vivo in Gm12878 and K562 cell lines, defined as 

300bp genomic regions surrounding ChIP-seq peak summits called by MACS2 with q-
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value cutoff of 0.001. To identify putative binding sites from the 300bp genomic regions, 

we applied uPBM data for Myc and Mad1 to search for DNA sequences that contain at 

least one high affinity 9-mer, defined as two consecutive, overlapping 8-mers with E-

scores > 0.4. Next, we selected 36bp genomic sequences centered at putative binding 

sites as “bound” probes for gcPBM. For 36bp probe sequences that only contain one 

putative binding site in the center, we define them as “bound 1a”. Whereas for probes 

that contain a potential secondary putative binding site in the flanking regions, we 

introduce random mutations to disrupt the secondary binding site, requiring E-score < 

0.35 after mutation, and put both wild type and mutated probes on the array as “bound 

1b” group. Similarly, we selected 36bp genomic sequences in open chromatin regions 

that not bound by neither Myc nor Mad (Mxi1), requiring all 8-mers with E-score <=0.2, 

to use as negative controls. 

2.4.2 PBM experiment and data processing 

The gcPBM experiments for the human TF dimers Mad1 (Mxd1)-Max, Max-Max, 

and c-Myc-Max (Mad, Max, and Myc, respectively) were performed essentially as 

described previously (Mordelet et al., 2013). Following the PBM protocol (Berger and 

Bulyk, 2009), a primer extension step was performed to obtain double-stranded DNA 

oligonucleotides on the microarray. Each microarray chamber was incubated with a 2% 

milk blocking solution for 1 h, followed by incubations with the protein-binding mixture 

for 1 h and with Alexa488-conjugated anti-His antibody (1:20 dilution, Qiagen) for 1 h 
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(Berger and Bulyk, 2009). The array was gently washed and then scanned with a 

GenePix 4400A scanner (Molecular Devices) at 2.5-µm resolution. Data were normalized 

with standard analysis scripts (Berger and Bulyk, 2009; Berger et al., 2006). compared to 

previously described gcPBM assays (Mordelet et al., 2013), the experimental protocol 

was slightly modified for our study. Specifically, the milk concentration in the protein-

binding mixture was increased from 2% to 4%, to reduce the background signal and to 

permit higher-quality data to be obtained. 

2.4.3 ChIP-seq data 

ChIP-seq data for Myc and Mad in H1hesc, Hela-S3, and K562 cell lines were 

downloaded from ENCODE (Consortium, 2012). ChIP-seq peaks used for gcPBM array 

design were called using MACS2, with q-value cutoff = 0.001, after merging the two 

replicate bam files for each TF in each cell line (Zhang et al., 2008). Peaks in later analysis 

were called using Irreproducible Discovery Rate (IDR) pipeline with idr threshold of 

0.05, as recommended by the authors. We did not use ChIP-seq data in the Gm12878 cell 

line because of the low reproducibility between Myc replicates. DESeq was used to call 

differential peaks, with fdr = 0.05 (Anders and Huber, 2010). 

2.4.4 SVR modeling 

In order to build computational models that can characterize and predict accurately the 

TF-DNA specificity, we applied the following procedure to build an SVR model for each 

TF. 
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1) Because TFs interact with local DNA for only limited nucleotides, and the 

influence from flanking sequence must be moderately close to the core motif, 

where specific interactions (hydrogen bonds) occur between the protein and 

DNA, we first trim all 36bp probes to the central 20bp. For most sequences 

designed on the array, 36bp to 20bp probe is 1-to-1 map. For cases where more 

than one 36bp contain the same central 20bp, the median occupancy score was 

taken to represent the occupancy score for the 20bp probe sequence. 

2) Secondary binding motifs are commonly found in TFs across different families. 

We reason that mechanisms of TF-DNA interaction can be different for different 

DNA binding motifs. Therefore, for each core binding motif of the TF of interest, 

we build an independent SVR model, and combine the predictions based on the 

different core binding motifs. 

3) Previous studies show that interdependencies between nucleotides are important 

for TF-DNA interactions. Therefore, we used a combination of 1mer, 2mer, and 

3mer sequence features of the 20bp probe sequences as dependent variables for 

the model. 

4) For each linear SVR model, we applied embedded 5-fold cross validation using 

hyperparameters where cost = (0.001, 0.01, 0.05, 0.1, 0.5, 1, 10), and epsilon = 

(0.001, 0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 1). 
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2.4.5 Functional analysis 

Genomic distribution and functional comparison analysis were performed using te 

GREAT tool (McLean et al., 2010). From all Myc ChIP-seq peaks in K562 cells, we 

selected peaks that contain only one of the three major cores (CACGTG, CACGCG, or 

CACATG). The genomic coordinates of selected peaks were used as input, and the 

default association distance settings were applied when running the GREAT analysis.  
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3 Quantitative modeling of transcription factor binding 
specificities using DNA shape 

 

3.1 Introduction 

The mechanisms by which transcription factors (TFs) bind to their genomic target sites 

and regulate gene expression are still not well understood (Levo and Segal, 2014; 

Shlyueva et al., 2014). In particular, it is still unknown why a given TF binds only to a 

subset of putative binding sites in the genome and how these targets are selected. 

Studies have identified multiple factors that play roles in achieving the DNA binding 

specificity of TFs in vivo, including cofactors, cooperativity, and chromatin accessibility 

(Slattery et al., 2014b).  

A fundamental first step towards understanding TF binding is to describe the 

recognition of “naked” DNA by TFs in vitro. This process involves readout of the 

nucleotide sequence (Stormo, 2013; Stormo and Zhao, 2010) and the three-dimensional 

DNA structure (Kim et al., 2013; Rohs et al., 2010; Watson et al., 2013). Although DNA 

structural features have been discussed as potential determinants of qualitative TF 

binding events (Joshi et al., 2007; Rohs et al., 2009; White et al., 2013), quantitative models 

describing the impact of DNA shape on the strength of TF binding are still lacking.  

DNA sequence preferences are generally represented as position weight matrices 

(PWMs) (Stormo and Zhao, 2010) or position-specific affinity matrices (Bussemaker et 
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al., 2007). The original concept of the PWM assumed that a position within a binding site 

contributes to binding affinity independent of other positions (Stormo, 2000). This 

concept has recently been expanded to include dinucleotide features that encode 

dependencies between adjacent nucleotide positions (e.g., (Zhao et al., 2012)). 

Trinucleotides (Gordân et al., 2013; Mordelet et al., 2013) and higher-order k-mer 

features (Agius et al., 2010; Sharon et al., 2008) have also been included in models of 

DNA sequence specificity. However, model complexity can increase dramatically when 

such k-mer features are used (Mordelet et al., 2013). Interdependencies between 

nucleotide positions originate from physical interactions between base pairs, which give 

rise to the three-dimensional DNA structure. DNA-binding proteins, in turn, recognize 

the resulting DNA structure (Rohs et al., 2009). Thus, the large number of k-mer features 

necessary for encoding interdependencies between nucleotide positions could 

potentially be replaced by a smaller number of structural features.  

Recently, the Rohs lab has developed technology enabling augmentation of the 

nucleotide sequence with three-dimensional DNA shape features predicted using a 

pentamer-based model built from all-atom Monte Carlo simulations of DNA structures 

(Zhou et al., 2013). Four distinct shape features—Minor Groove Width (MGW), Propeller 

Twist (ProT), Roll, and Helix Twist (HelT)—have been shown to be important for 

protein-DNA recognition in specific cases (Chang et al., 2013; Chen et al., 2013; Gordân 
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et al., 2013; Lazarovici et al., 2013). However, to date, a systematic and comprehensive 

survey of the value of shape-based models of DNA recognition has been lacking. 

We used HT protein-DNA binding data for 68 mammalian TFs from different 

structural classes, including gcPBM data for TFs Myc, Max, and Mad, to develop and 

evaluate DNA binding specificity models based on different combinations of sequence- 

and shape-based features, including mononucleotide (1mer), dinucleotide (2mer), and 

trinucleotide (3mer) identity, as well as the DNA shape features of MGW, ProT, Roll, 

and HelT. We used support vector regression (SVR) (Vapnik, 1995) to train linear 

regression models for mapping DNA sequences to measurements of binding affinity. 

Then, we evaluated these models using four different approaches.  

 First, we used 10-fold cross-validation on a diverse set of universal PBM (uPBM) 

data for 65 mouse TFs (Weirauch et al., 2013) and genomic-context PBM (gcPBM) data 

for three human basic helix-loop-helix (bHLH) TFs. Second, in a manner similar to 

(Weirauch et al., 2013), we trained our models using PBM data from one uPBM array 

design and tested the models using data from a different uPBM array design. Third, we 

tested the ability of our PBM-derived models to predict data generated using a different 

experimental platform that provides quantitative measurements of TF-DNA binding 

affinity. In particular, for one of the TFs in our study (the human TF Max), we generated 

independent in vitro data using the SELEX-seq technology (Slattery et al., 2011). We used 

our PBM-derived binding specificity models to predict the relative binding affinities 
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measured by SELEX-seq. Fourth, we used our regression models to predict in vivo TF-

DNA binding data, in a manner similar to (Weirauch et al., 2013). Finally, using feature 

weights for the best-performing models, we identified structural mechanisms that are 

used on a TF family-specific basis for achieving DNA binding specificity. 

 

3.2 Results  

3.2.1 DNA shape-augmented models outperform sequence-based models 

TF binding sites were described in our quantitative specificity models based on feature 

vectors containing the distinct set of features of a specific model at each nucleotide 

position. Figure 3.1A shows a shape-augmented model that combines 1mer sequence 

features with the four DNA shape features, MGW, ProT, Roll, and HelT. Features of the 

k-mers and of DNA shape are substantially different in nature. Specifically, the k-mer 

features are binary categorical attributes that characterize hydrogen bonds and other 

direct contacts between the protein and the base pairs in the major groove (Rohs et al., 

2010). In contrast, the DNA shape features are continuous attributes that reflect 

properties of the DNA structure and capture interactions in the minor groove (Rohs et 

al., 2009). Given these differences, these two feature types may potentially describe 

different mechanisms by which a TF achieves its DNA binding specificity. 

When tested on the uPBM data from the DREAM5 dataset (Weirauch et al., 

2013), our shape-augmented (1mer+shape) model outperformed the sequence-only 
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(1mer or PWM) model on 58 of the 65 TFs that were tested (Figure 3.1B). The only 

exceptions to this finding were TFs with low-quality data (R2 < 0.25). To include high-

quality TF datasets, we use our gcPBM data for the human bHLH TFs Mad, Max, and c-

Myc, as described in Chapter 2. For these gcPBM data, we observed even larger 

improvements in R2 when DNA shape features were incorporated into the binding 

specificity models (Figure 3.1B). We observed a similar improvement when we used 

SELEX-seq data generated for TF Max in Richard Mann’s laboratory, using the same 

protein sample as the one we used for gcPBM assays.  
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Figure 3.1: Design of the sequence+ shape feature vector and TF family-
specific performance comparison of binding specificity predictions. (A) The feature 
vector used in the 1mer+shape model combined binary features for the sequence (1mers) 
with continuous values for the DNA shape features (MGW, ProT, Roll, and HelT). 
Although second-order shape features were also used throughout this study, they are 
not shown in the schematic representation. (B) Performance comparison for different TF 
families tested in this study. DNA shape contributed to the DNA binding specificities of 
all homeodomain and bHLH TFs in the uPBM, gcPBM, and SELEX-seq datasets, 
consistent with previous work on these TF families (Dror et al., 2014; Gordân et al., 2013; 
Joshi et al., 2007; Slattery et al., 2011; Yang et al., 2014) 



 

56 

 

Considering the uPBM, gcPBM, and SELEX-seq data together, we found that the 

1mer+shape model led to consistent improvements for all homedomain and bHLH TFs 

(Figure 3.1B). This observation is in accordance with our previous finding that DNA 

shape readout plays an important role for these TF families (Gordân et al., 2013; Slattery 

et al., 2011; Yang et al., 2014). The results also indicate that predictions of binding 

specificities for other TF family members (e.g., zinc finger, bZIP, and forkhead TFs) can 

benefit from adding DNA shape information to the models. However, because the 

DREAM5 data were of lower quality (in terms of R2) for some members of these families, 

conclusions on readout mechanisms employed by these TF families will require 

additional data from HT binding assays. 

 The 1mer+shape model implemented in this study used additional second-order 

shape features to account for dependencies between structural features at adjacent 

nucleotide positions, such as the formation of A-tracts where MGW narrowing is more 

pronounced due to several adjacent A/T base pairs (Rohs et al., 2010; Rohs et al., 2009). 

These second-order shape features were the product terms for the same DNA shape 

feature category at two adjacent nucleotide positions (MGW and ProT) or base pair step 

positions (Roll and HelT). The combined use of the second-order DNA shape features 

with first-order shape features and 1mer features improved the prediction accuracy 

compared to the 1mer+1st order shape model (Figure 3.2A). 
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Figure 3.2: Performances of various models on the uPBM data for 65 human 
TFs. (A) Comparison of model performances on uPBM data of 65 mouse TFs from the 
DREAM5 dataset (Weirauch et al., 2013). Models combining sequence (1mer) with first- 
and second-order DNA shape features were compared with models combining sequence 
and only first-order DNA shape features. (B-D) Comparison of model performances for 
shape-augmented models (1mer+shape) with performances for sequence-based (B) 
1mer, (C) 1mer+2mer, and (D) 1mer+2mer+3mer models in a cross-array evaluation (i.e., 
models were trained on one uPBM array design and then tested on a different uPBM 
array design, as in (Weirauch et al., 2013)). Results are shown for 10 TFs from the 
DREAM5 study, chosen based on high agreement between the uPBM data generated 
using the two array designs (see section “Training and Testing on Different uPBM Array 
Designs” below for more details). (E) Performance comparison of the shape-only model 
to the sequence-only model in a cross-array evaluation for the 10 TFs shown in panels 
(B-D). 
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3.2.2 Models using 2mer and 3mer features contain implicit DNA shape 
information 

We also tested dinucleotide- and trinucleotide-based models using 1mer, 2mer, and 

3mer features as predictors. When tested on the DREAM5 uPBM data, the performances 

of the 1mer+2mer and 1mer+2mer+3mer models were, on average, very close to the 

performance of the 1mer+shape model (Figure 3.3A, B). This observation was not 

surprising because 2mers and 3mers partially capture the effect of the DNA shape 

variation on binding. Specifically, 2mers describe stacking interactions between adjacent 

base pairs, and 3mers represent short structural elements, such as A-tracts, which form 

distinct structures (Rohs et al., 2009). Furthermore, for certain TFs, models that used 

DNA shape features alone, without any explicit information about base identity, were 

more accurate than models based on sequence alone (Figure 3.3C).  

The DNA shape features used in our study were generated based on pentamer 

query tables derived from thousands of all-atom Monte Carlo simulations, and they 

were validated with X-ray and NMR structures by the Rohs lab (Zhou et al., 2013). To 

rule out the possibility that the use of pentamer-based independent features in itself 

could explain the enhanced performance of our shape-based models, we independently  
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Figure 3.3: Performance of various models on uPBM data for 65 human TFs. 
(A-B) Using R2 as a measure for prediction accuracy, the performance of shape-
augmented model (1mer+shape) was compared with the performances of sequence-
based (A) 1mer+2mer and (B) 1mer+2mer+3mer models. (C) Performance comparison of 
the shape-only model to the sequence-only model. (D) Performance comparison of the 
shape-only model to a model augmented by arbitrary values for shape features derived 
from arbitrary pentamer projections onto a continuous scale. (E-F) Data quality 
influences the performance advantage of shape-augmented models over sequence-only 
(i.e. 1mer) models. Bar plots show the prediction accuracy (R2) for 1mer+shape and 1mer 
models when trained and tested on data with an increased level of Gaussian noise with 
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0 mean and different standard deviations. Black lines show the differences in R2 between 
1mer+shape and 1mer models for datasets with increased noise (y-axis shown on the 
right). Results for one uPBM (E) and one gcPBM (F) dataset are shown. Results for other 
datasets in this study are shown in Figure 3.4. 

randomized the association between pentamer identities and values for each of the four 

shape features. The R2 values obtained with the randomized shape tables were 

significantly lower compared to those for our DNA shape predictions (Figure 3.3D), 

demonstrating that the predictive power of DNA shape was not simply due to the 

inclusion of pentamer-based features.  

 In the aforementioned analyses of 65 mouse TFs using uPBM data from the 

DREAM5 study (Weirauch et al., 2013), we used 10-fold cross-validation to evaluate 

model performance, based on a single uPBM dataset for each TF. In an alternative 

approach, we evaluated our DNA shape-augmented models by training the models on 

uPBM data from one array design and using them to predict binding data obtained from 

a different array design, similar to the procedure used by (Weirauch et al., 2013). The 

results of the cross-array testing were fully consistent with the results of the 10-fold 

cross-validation tests (Figure 3.2B-E).   

3.2.3 Data quality influences the difference in performance between 
sequence-only and shape-augmented models 

We also tested how data quality influenced the performance of the sequence- and shape-

based binding specificity models. Our regression models were optimized to 

quantitatively predict the TF binding level (here, measured by the PBM signal intensity) 
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for DNA target sites bound specifically by TFs. Thus, we expected that the level of noise 

in the quantitative TF binding measurements used to train and test our models would 

have a significant impact on model accuracy. To test this hypothesis, we introduced 

increased levels of Gaussian noise in the PBM data used for training and testing (see 

Methods). As expected, the accuracy of both sequence-only and shape-augmented 

models decreased as the level of noise increased (Figure 3.3E-F, Figure 3.4). Importantly, 

we also found that the difference in performance between 1mer+shape and 1mer models 

decreased as the data became noisier (black lines in Figure 3.3E-F and Figure 3.4). This 

trend was similar for the differences in performance between 1mer+2mer and 1mer, and 

between 1mer+2mer+3mer and 1mer models (Figure 3.4). In addition, even training the 

models on the original data and testing them on data with added noise generally led to a 

decrease in the accuracy differences between complex models (i.e., 1mer+shape, 

1mer+2mer, 1mer+2mer+3mer) and 1mer models, especially for the higher-quality 

gcPBM data (Fig 3.4H-J). These results demonstrate that large noise embedded in data 

can offset the performance gain of adding extra features to 1mer models. This point 

becomes especially important when evaluating the regression models on data from in 

vivo ChIP-seq experiments, which is much noisier than in vitro PBM data (see below). 
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Figure 3.4: Influence of data quality on the performance advantage of complex 
models (i.e., 1mer+shape, 1mer+2mer, and 1mer+2mer+3mer) over simple 1mer 
models. (A-G) Bar plots show the prediction accuracy (R2) for different models when 
trained and tested on data with an increased level of Gaussian noise with 0 mean and 
different standard deviations. Black lines show the differences in R2 between complex 
models and 1mer models for datasets with increased noise (y-axis shown on the right). 
Results are shown for the three gcPBM datasets in this work (panels A-C)  and the four 
DREAM5 uPBM data sets used in the analysis of in vivo ChIP-seq data (panels D-G). (H-
N) Similar to (A-G), but using the original data for training and data with added noise 
for testing. 
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3.2.4 DNA shape-augmented models can accurately predict TF binding 
data across experimental platforms 

To ensure that our regression models of TF binding specificity are capturing real signals 

and not experimental biases intrinsic to the PBM technology, we performed a cross-

platform analysis. Specifically, we trained our models on gcPBM data and tested them 

on quantitative SELEX-seq data generated for the human TF Max (see Methods). Briefly, 

the Max SELEX-seq experiment was carried out as described previously (Slattery et al., 

2011), with two rounds of selection, and the data were used to compute relative binding 

affinities for 12-mer DNA sequences. Next, sequence- and shape-based regression 

models trained on our Max gcPBM data were used to predict the binding levels of Max 

to DNA targets identified by SELEX-seq (Figure 3.5A). Given that the two experimental 

platforms (gcPBM and SELEX-seq) provided different measurements for TF binding 

(i.e., binding intensity and relative binding affinity, respectively), we used Spearman’s 

rank correlation coefficient to assess the accuracy of our predictions. When tested on 

SELEX-seq data, the 1mer+shape model outperformed all of the sequence-based models, 

including the 1mer+2mer+3mer model (Figure 3.5B-D, Figure 3.6A-C). 
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Figure 3.5: Performance of binding specificity models across experimental 
platforms. (A) Flowchart illustrating that Max-DNA binding specificity models were 
trained on natural logarithms of fluorescence binding intensities derived from a gcPBM 
experiment and used to predict the binding level of DNA targets derived from a SELEX-
seq experiment for the same TF. (B) Performance of various models for cross-platform 
predictions based on Spearman’s rank correlation coefficients between observed SELEX-
seq relative binding affinities and predicted gcPBM signal intensities. (C-D) Scatter plots 
of predicted versus observed binding site ranks, showing the performance of the (C) 
1mer and (D) 1mer+shape models trained on gcPBM data and tested on SELEX-seq data. 
Here, higher ranks represent higher affinity binding sites. 

We also tested our models on in vivo ChIP-seq data. First, we used an approach 

based on the area under the receiver-operating characteristic curve (AUC), similarly to 

(Weirauch et al., 2013). The AUC values computed for TF binding models reflect how 

well the models discriminate DNA target sites that are bound or not bound by the TF in 
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vivo. Our SVR models were not optimized to discriminate bound from unbound sites, 

but rather were intended to predict quantitatively the level of TF binding strength to any 

specific DNA binding site. Nevertheless, we tested our regression models on in vivo 

binding data for the five mouse TFs that were tested in the DREAM5 study, and on the 

three human bHLH proteins in our study. Our models performed better than previously 

reported PWMs (Weirauch et al., 2013) for six of the eight TFs, and they performed 

worse in one case, TF Esrrb, for which the uPBM data was of low quality (Figure 3.6D-E; 

Supplemental Experimental Procedures). For the eighth TF, all of the tested models 

achieved an AUC enrichment that was close to what we would expect by chance (Figure 

3.6D). Interestingly, although the regression models generally outperformed PWMs 

according to the AUC analysis, we observed only minor differences in performance 

among different regression models. This result was not unexpected given that: 1) our 

models were optimized to predict TF binding strength quantitatively and were not 

intended to distinguish whether sites were in the bound versus the unbound state, 

which is what the AUC method is testing; and 2) in vivo ChIP-seq data was considerable 

noisier than the in vitro PBM data used in our analyses. As shown in Figure 3.3E-F and 

discussed above, an increased level of noise in the TF binding data would lead to a 

decrease in the difference in performance between regression models. 
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Figure 3.6: Performance of binding specificity models across experimental 
platforms. (A-C) Scatter plots of predicted versus observed binding site ranks, 
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illustrating the performances of the (A) 1mer+2mer, (B) 1mer+2mer+3mer, and (C) 
shape-only models trained on gcPBM data and tested on SELEX-seq data. Here, higher 
ranks represent higher affinity binding sites. (D-E) Performances of various SVR models 
on in vivo TF-DNA binding data for (D) five TFs from the DREAM5 dataset and (E) 
human bHLH factors Mad, Max, and Myc. Performances of the regression models are 
compared to the performances of PWM models that were previously reported to 
perform best on in vivo data (Weirauch et al., 2013). For only two of the TFs tested, 
Tbx20 and Esrrb, the PWMs performed better than the regression models. However, in 
the case of Tbx20, the AUCs for all models were close to what one would expect by 
chance. For TF Esrrb, optimizing the L and R parameters in the uPBM analyses (see 
section “uPBM Data” below) resulted in regression models with much higher AUC 
values (~0.87), close to the performance of the Esrrb PWM (0.92). (F-H) Correlation 
between the in vitro binding intensity predicted by the 1mer+shape model and the in 
vivo ChIP-seq signal, for ChIP-seq peaks that have large differences in predicted 
intensity between 1mer+shape and 1mer models, with higher intensities predicted by the 
1mer+shape models. ChIP-seq peaks were grouped into 20 bins. (I-K) Similar to (F-H), 
but showing ChIP-seq peaks that have large differences in predicted intensity between 
1mer+shape and 1mer models, with higher intensities predicted by the 1mer models. 

 To assess the in vivo relevance of the improvement in TF binding predictions 

obtained by the shape-augmented models compared to sequence-only models, we 

performed a quantitative evaluation of the ability of the models to predict in vivo binding 

levels. The 1mer+shape and 1mer models generally resulted in similar predictions 

regarding which DNA sites were bound or unbound; thus, their AUC enrichments were 

very similar. However, the predictions differ in terms of binding strength. Therefore, we 

focused on the genomic sites with the largest difference in predicted binding level 

between 1mer+shape and 1mer models, and we asked whether for these sites the 

predictions based on the 1mer+shape or 1mer model correlated better with the ChIP-seq 

signal (see Methods). As shown in Figure 3.6F-H, we observed a better correlation for 

the shape-augmented model. Although predictions of in vivo binding were not the focus 
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of the work presented here, our results prove that the binding signal captured by the 

shape-augmented model is relevant in vivo. We performed similar analyses comparing 

1mer+shape versus 1mer+2mer, and 1mer+shape versus 1mer+2mer+3mer models, but 

the results did not conclusively show that one type of model was better. More 

quantitative in vivo data is needed to determine which of these models best predicts in 

vivo TF binding. 

3.2.5 Replacing k-mer features with DNA shape features reduces the 
dimensionality of the feature space 

The assessment of different models required not only a comparison of prediction 

accuracy but also of model complexity, which relates to the required size of the training 

data and the computational cost (Figure 3.7A). Compared to the sequence-based 

1mer+2mer and 1mer+2mer+3mer models, the 1mer+shape model contained fewer 

features, which translated into fewer model parameters. For each nucleotide position, 

four features were introduced to encode 1mer identity, 16 features to encode 2mer 

identity, 64 features to encode 3mer identity, and 8 features to encode DNA shape. 

Therefore, the 1mer+shape, 1mer+2mer, and 1mer+2mer+3mer models used a total of 12, 

20, and 84 features per nucleotide position, respectively (Figure 3.7A). The finite 

sequence length required a slight end-effect adjustment of these numbers of features per 

nucleotide position.  

To assess how models of different complexity performed on smaller datasets, we 

used the gcPBM data that we generated for the human bHLH TFs (Figure 3.8A) to 
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assemble datasets of decreasing sample size. As expected, the performance of all models 

decreased with decreasing sample size (Figure 3.7B, Figure 3.8B-C). This decreasing 

trend was consistently more pronounced for sequence-based models (1mer+2mer and 

1mer+2mer+3mer) than for shape-based models (1mer+shape and shape-only). This 

finding suggests that shape features more efficiently captured the binding specificities of 

the studied TFs than k-mer features. 

 

Figure 3.7: Comparison of various models using gcPBM data for human Max 
TF. (A) The number of required features (per nucleotide position) was correlated with 
the average running time for the training and testing of different models for Max-DNA 
binding, based on gcPBM data. (B) Performances of the sequence- and shape-based 
models for Max-DNA binding as the sample size was decreased. 

Analysis of the gcPBM data for human bHLH TFs demonstrated that the 

1mer+shape model was superior to the 1mer+2mer and 1mer+2mer+3mer models 

(Figure 3.7B, Figure 3.8). This difference was much more pronounced for the higher-

quality gcPBM than for the lower-quality uPBM data (Figure 3.3A-B), likely because the 
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gcPBM data contained less positional bias and provided information on the genomic 

flanking regions (Gordân et al., 2013).  

 

Figure 3.8: High quality experimental gcPBM data generated for this study and 
performance comparison of various models for human Mad and Myc TFs. (A-B) 
Performances of the sequence- and shape-based models for (A) Mad and (B) Myc 
binding to DNA as the sample size was decreased. 

 The positive impact of a smaller number of features on the model prediction 

accuracy for small sample sizes was also demonstrated by using sequence models 

augmented with only one category of DNA shape features, instead of all four. The 

inclusion of only one DNA shape feature further reduced the number of features (Figure 

3.9A). When tested on gcPBM data for Max with smaller sample sizes (10 randomly 

generated samples for each size), the prediction accuracies of the 1mer+Roll and 

1mer+ProT models dropped at a slower rate compared to the 1mer+shape and 

1mer+2mer+3mer models, which required many more features (Figure 3.9B). 
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Figure 3.9: Insights into TF-specific readout mechanisms derived from shape-
augmented binding specificity models. (A) Number of features per nucleotide position 
introduced in different models. Models that included only one shape feature further 
reduced the total number of features compared to the 1mer+2mer+3mer and 1mer+shape 
models. (B) The single shape feature models 1mer+ProT and 1mer+Roll performed better 
than the 1mer+shape and 1mer+2mer+3mer models on smaller datasets. (C) Weights for 
Roll derived from the 1mer+1st order shape model accurately reflected the cocrystal 
structure of the ternary Max homodimer/DNA complex. (D) The CACGTG E-box in the 
cocrystal structure was the highest affinity core among the nine observed E-box cores. 
Although other cores were present in the gcPBM data for Max, the SVR weights 
correctly reflected the Roll features of the CACGTG core observed in the cocrystal 
structure. 

3.2.6 DNA shape-augmented models reveal TF family-specific readout 
mechanisms 

We trained regression models using mononucleotide identities (i.e., 1mer features) and 

individual DNA shape features (i.e., MGW, ProT, Roll, or HelT), to determine which 
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shape features are most important for predicting the binding preferences of TFs from 

different structural families. For the bHLH TF Max, data for models using sequence and 

a single DNA shape category suggested that Roll and ProT were the dominant structural 

determinants of the DNA binding specificity. MGW and HelT were of lesser importance 

for the DNA readout of this specific TF (Figure 3.9B). The inclusion of 1mer features 

ensured that the nucleotide identities necessary for base readout did not indirectly 

influence the impact of the DNA shape features.  

Analysis of the feature weights for 1mer+1st order shape models indicated that 

our approach has the potential to reveal readout mechanisms on a TF family-specific 

basis. Second-order shape features were not included in the models, to simplify the 

interpretation of the shape feature weights. Feature weights for Roll in the 1mer+1st 

order shape model varied between large positive and large negative weights within the 

core E-box binding site (Figure 3.9C). These feature weights accurately reflected the 

pattern between large positive and large negative Roll angles observed in a cocrystal 

structure of the Max-Max/DNA complex (Brownlie et al., 1997). The DNA target of this 

ternary complex contained the CACGTG E-box, which is the highest affinity core 

present in the gcPBM dataset (Figure 3.9D). These observations indicate that despite the 

presence of multiple E-box cores, there exists a specific Roll pattern that is preferred by 

the Max homodimer. Moreover, the findings show that a degeneracy of DNA sequence 
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and shape, similar to the degeneracy of protein sequence and structure, constitutes an 

important characteristic of TF binding sites (Yang et al., 2014). 

 Among the remaining DNA shape features, compared to the weights for MGW 

and HelT, the weights for ProT derived from the same Max 1mer+1st order shape model 

agreed better with the cocrystal-derived structural parameters (Figure 3.10). This 

observation was consistent with the prediction accuracies of the different models of Max 

binding specificity (Figure 3.9B). We also analyzed the feature weights for MGW derived 

from uPBM data for homeodomain TFs. We found that the 1mer+1st order shape model 

accurately reflected the known MGW preferences of homeodomain TFs (Figure 3.10D). 

The second half of the TAAT core-binding site contained a region of narrow MGW, 

which is consistent with previous X-ray (Joshi et al., 2007), SELEX-seq (Slattery et al., 

2011), and uPBM (Dror et al., 2014) data. 
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Figure 3.10: SVR weights reveal structural mechanisms of DNA readout for 
bHLH and homeodomain TFs. (A-C) Structural characteristics observed in the cocrystal 
structure of the ternary Max-Max/DNA complex (Brownlie et al., 1997) correspond, to 
different degrees, with the SVR weights derived from the 1mer+1st order shape models 
for (A) MGW, (B) ProT, and (C) HelT, based on the gcPBM data for Max. (D) SVR 
weights derived from the 1mer+1st order shape model based on uPBM data (Weirauch et 
al., 2013) for the homeodomain TFs Oct1, Pit1, and Pou1 agree with X-ray (Joshi et al., 
2007), SELEX-seq (Slattery et al., 2011), and uPBM (Dror et al., 2014) data. The sequence 
probability matrix and MGW plot were adapted from our earlier publication (Dror et al., 
2014) and compared to SVR weights derived in this study. 

 

3.3 Discussion  

In this study, we have shown that machine learning models of TF-DNA binding 

specificity benefit from augmenting sequence-based models with features encoding 
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interactions between nucleotide positions. This augmentation can be realized with either 

k-mer or DNA shape features. Whereas adding any interaction term (i.e., 2mer, 3mer, or 

shape features) improved the modeling of DNA binding specificities, more efficient 

models were obtained by using DNA shape, which represents interactions with a 

smaller number of features. 

 DNA shape integrates the complex interdependencies between multiple 

positions of a binding site. This integration is achieved implicitly, without any explicit 

knowledge of individual interdependencies. In this way, the incorporation of DNA 

shape reduces the number of required parameters, while providing a compelling 

mechanistic explanation for why dinucleotides and trinucleotides can increase the 

accuracy of motif descriptions. Despite the lower accuracy for some of the DREAM5 

data, our results show that quantitative models derived from SVR analyses using HT 

sequence data can reveal specific mechanisms of protein-DNA recognition on a TF 

family basis and can contribute to the understanding of TF binding to the genome. The 

combination of DNA sequence and shape provides a fundamentally new approach for 

understanding TF binding specificities, which can be broadly applied to TFs from 

different structural classes. 
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3.4 Materials and Methods  

3.4.1 Encoding of DNA sequence or k-mer features 

For each nucleotide position in a given DNA sequence of length L, the k-mer feature at 

that position was encoded as a binary vector of length 4k, where a value of 1 represents 

the occurrence of a particular k-mer starting at that position. The k-mer features for a 

given DNA sequence of length L were encoded by concatenating the k-mer feature 

vectors at each nucleotide position, resulting in a binary vector of length 4k(L-k+1). 

We used 1mer, 2mer, and 3mer feature vectors of the form 

1𝑚𝑒𝑟 = 𝐴!,𝑇!,𝐺!,𝐶!,… ,𝐴! ,𝑇! ,𝐺! ,𝐶!  

2𝑚𝑒𝑟 = (𝐴𝐴!,𝐴𝑇!,𝐴𝐺!,𝐴𝐶!,… 𝐶𝐺!!!,𝐶𝐶!!!) 

3𝑚𝑒𝑟 = (𝐴𝐴𝐴!,𝐴𝐴𝑇!,𝐴𝐴𝐺!,𝐴𝐴𝐶!,… ,𝐶𝐶𝐺!!!,𝐶𝐶𝐶!!!) 

have a value of 1 if the particular k-mer occurs at position 𝑖, and 0 otherwise. 

3.4.2 Encoding of DNA shape features 

For a given DNA sequence of length L, four DNA shape features were predicted by a HT 

method trained on Monte Carlo simulations of about 2,200 DNA fragments of 12–27 

base pairs (bp) in length (Zhou et al., 2013). These structural features included two 

nucleotide parameters (MGW and ProT) and two bp step parameters (Roll and HelT). 

The total length of the final DNA shape feature vector was (8L – 32), due to the use of 

four first-order and four second-order shape features, and the unavailability of values at 
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two positions at each end (Yang et al., 2014). See Supplemental Experimental Procedures 

for the resulting shape feature vectors. 

The prediction of each shape feature constituted a numeric vector: 

𝑀𝐺𝑊 = (𝑀𝐺𝑊!,𝑀𝐺𝑊!,… ,𝑀𝐺𝑊!!!,𝑀𝐺𝑊!!!) 

𝑃𝑟𝑜𝑇 = (𝑃𝑟𝑜𝑇!,𝑃𝑟𝑜𝑇!,… ,𝑃𝑟𝑜𝑇!!!,𝑃𝑟𝑜𝑇!!!) 

𝑅𝑜𝑙𝑙 = 𝑅𝑜𝑙𝑙!,𝑅𝑜𝑙𝑙!,… ,𝑅𝑜𝑙𝑙!!!,𝑅𝑜𝑙𝑙!!!  

𝐻𝑒𝑙𝑇 = (𝐻𝑒𝑙𝑇!,𝐻𝑒𝑙𝑇!,… ,𝐻𝑒𝑙𝑇!!!,𝐻𝑒𝑙𝑇!!!) 

where MGWi and ProTi  represent MGW and ProT, respectively, at nucleotide 

position i, and Rolli and HelTi  represent Roll and HelT, respectively, of the dinucleotide 

between positions 𝑖 and (𝑖 + 1). Shape values at two positions of both the 5’ and 3’ ends 

were unavailable because a pentamer model was used to derive the structural features 

(Zhou et al., 2013). 

Each shape feature vector was further expanded to include second-order shape 

features by adding products of the same shape parameter at two adjacent positions. For 

example, the resulting 𝑀𝐺𝑊!!"!!!" vector was of the form: 

𝑀𝐺𝑊!!"!!!" = (𝑀𝐺𝑊!,𝑀𝐺𝑊!,… ,𝑀𝐺𝑊!!!,𝑀𝐺𝑊!!!,𝑀𝐺𝑊! ∗𝑀𝐺𝑊!,… ,𝑀𝐺𝑊!!!

∗𝑀𝐺𝑊!!!) 

The complete shape feature vector used in this study was obtained by 

concatenating the four numeric vectors 𝑀𝐺𝑊!!"!!!", 𝑃𝑟𝑜𝑇!!"!!!", 𝑅𝑜𝑙𝑙!!"!!!", and 

𝐻𝑒𝑙𝑇!!"!!!". 

  



 

78 

3.4.3 Implementation of Support Vector Regression models 

We used the ε-SVR algorithm (Drucker et al., 1997) implemented in the LIBSVM 

toolkit (Chang and Lin, 2011) to train linear regression models for predicting the natural 

logarithm of the PBM signal intensities (response variable) based on the encoded 

sequence and shape features. ε-SVR contains two user-defined hyperparameters: C, the 

penalty factor used for regularization; and ε, the parameter in the loss function (i.e., 

maximum distance between the predicted and actual values for which no penalty is 

incurred). An internal 10-fold cross-validation was used at each step to identify the 

hyperparameters C and ε that yielded the best performance (i.e., lowest mean squared 

error). The hyperparameter space was manually specified as: 

𝜀 ∈ 0.001, 0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.7, 0.9, 1.0  

𝐶 ∈ 0.001, 0.01, 0.05, 0.1, 0.5, 1, 5, 10, 50  

The response variables were the natural logarithms of the fluorescence signal 

intensities. The performance of the different models was evaluated and compared based 

on the squared Pearson correlation coefficient R2 between predicted and observed values 

of the response variable. To investigate how the model performance is affected by the 

data quality, we modified the nested 10-fold cross-validation procedure by adding 

Gaussian noise with 0 mean and different standard deviations in two different ways: 

adding noise 1) to the response variable of only the training data and 2) to the response 

variables of both the training and testing data. The squared Pearson correlation 

coefficient R2 was then reported. 
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3.4.4 Performance evaluation of sequence- and shape-based models 

After preprocessing and feature encoding, PBM data for each TF were transformed into 

a matrix. The first column of this matrix contained the natural logarithm of the 

fluorescence signal intensities of the PBM probes, and the remaining columns contained 

the encoded features. For each DNA shape characteristic, first- and second-order DNA 

shape features were normalized to values between 0 and 1. The ε-SVR algorithm 

(Drucker et al., 1997) implemented in the LIBSVM toolkit (Chang and Lin, 2011) was 

used to train linear regression models for predicting the natural logarithm of the PBM 

signal intensities (response variable) based on the encoded features.  

 To obtain unbiased performance estimates of the regression models on each 

dataset, a nested 10-fold cross-validation procedure was implemented. First, each 

dataset was randomly partitioned into 10 equally sized subsets. Each subset was used 

for testing, while the other nine subsets were used for training. Thus, our models were 

always tested on data not included in the training process. For each TF dataset, the 

squared Pearson correlation coefficient R2 between the predicted and observed values of 

the response variables for all DNA sequences in that dataset was reported. To 

investigate how data quality affects the model performance, we modified the nested 10-

fold cross-validation procedure by adding Gaussian noise (see Supplemental 

Experimental Procedures for details). 
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3.4.5 gcPBM data 

The gcPBM experiments for the human TF dimers Mad1 (Mxd1)-Max, Max-Max, 

and c-Myc-Max (Mad, Max, and Myc, respectively) were performed essentially as 

described previously (Mordelet et al., 2013). Following the PBM protocol (Berger and 

Bulyk, 2009), a primer extension step was performed to obtain double-stranded DNA 

oligonucleotides on the microarray. Each microarray chamber was incubated with a 2% 

milk blocking solution for 1 h, followed by incubations with the protein-binding mixture 

for 1 h and with Alexa488-conjugated anti-His antibody (1:20 dilution, Qiagen) for 1 h 

(Berger and Bulyk, 2009). The array was gently washed and then scanned with a 

GenePix 4400A scanner (Molecular Devices) at 2.5-µm resolution. Data were normalized 

with standard analysis scripts (Berger and Bulyk, 2009; Berger et al., 2006). Although this 

study employed a previously described microarray design (Mordelet et al., 2013), the 

experimental protocol was slightly modified. Specifically, the milk concentration in the 

protein-binding mixture was increased from 2% to 4%, to reduce the background signal 

and to permit higher-quality data to be obtained (Figure 3.2). 

After the gcPBM data for Mad, Max, and Myc were obtained, each dataset was 

filtered to remove sequences that contained more than one putative TF binding site. For 

each probe on the array, flanking regions of the central TF binding site were scanned 

with the uPBM 8-mer data for Mad, Max, or Myc (Munteanu and Gordân, 2013). Any 

probe for which the flanking regions contained at least one 8-mer with an enrichment 



 

81 

score (E-score) ≥ 0.3 was removed. The E-score is a modified form of the Wilcoxon-Mann 

Whitney statistic. The E-score ranges from -0.5 (least-favored sequence) to +0.5 (most-

favored sequence). As reported previously for uPBM assays (Berger and Bulyk, 2009), a 

false discovery rate of 0.01 typically corresponds to an E-score cutoff of approximately 

0.32 to 0.36. Thus, by selecting only probes for which all 8-mers in the flanking regions 

had an E-score < 0.3, we ensured that each probe contained only one Mad/Max/Myc 

binding site.  

To ensure that each probe was centered at the Mad/Max/Myc binding site, the 8-

mer with highest E-score had to be located in the center of the 36mer, with the next-

highest 8-mer adjacent to it. After these filtering criteria were applied, 6,927 probes for 

Mad, 8,569 probes for Max, and 7,535 probes for Myc were obtained. Raw and processed 

gcPBM data were submitted to the Gene Expression Omnibus (GEO) under accession 

number GSE59845. 

3.4.6 uPBM data 

 This study utilized the uPBM data (Berger and Bulyk, 2009; Berger et al., 2006) 

for 66 mouse TFs reported by (Weirauch et al., 2013) and used in the DREAM5 

challenge. Briefly, uPBMs contain artificial DNA sequences designed using a de Bruijn 

sequence of order 10 over the [ A,C,G,T ] alphabet, which ensures that all 10-bp DNA 

sequences are represented on the array. Unlike gcPBM probes, there is no guarantee that 

a TF binding site will occur in the center of the uPBM probe. In this context, a bias may 
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occur because the location of the TF binding site within the probe affects the TF binding 

signal as measured by PBM. Specifically, binding sites located close to the free DNA end 

of a probe generally result in higher PBM signals than binding sites located close to the 

glass slide (Berger et al., 2006). Computational methods for training TF binding models 

from uPBM data either try to learn the positional bias from the data, or they use median 

8-mer intensities and 8-mer E-scores (Weirauch et al., 2013) to average out the positional 

bias.  

Because the goal of this study was to evaluate DNA shape-augmented models of 

DNA binding specificities compared to traditional sequence-based models, and not to 

train models that can predict uPBM data, the positional bias was not explicitly modeled. 

The DREAM5 uPBM data were processed with the intent of minimizing the effect of 

positional bias and making the data suitable for position-based regression models, 

according to the following six steps.  

1) For each of the 66 mouse TFs, we obtained the normalized uPBM signal 

intensities for all probes on the array, the 8-mer E-scores derived from the uPBM data, 

and the best PWM for that TF (as reported by (Weirauch et al., 2013) after analyzing 

PWMs obtained with 26 different algorithms)(Weirauch et al., 2013). 

2) For each of the 66 TFs, we scanned each uPBM probe to identify the best PWM 

match on either the forward or reverse strand, accounting for all of the putative sites in 
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the 35-bp variable probe region. The best PWM matches were used to align the uPBM 

probes to each other. 

3) For each TF, the selected probes were those for which the best PWM match fell 

at least L positions from the left end of the probe (corresponding to the free DNA end) 

and at least R positions from the right end of the scanned probe region. Restricting the 

location of the TF binding site by the L and R parameters minimized the effect of the 

positional bias on the uPBM signal intensities used in the analyses. As shown in our 

previous work (Gordân et al., 2013), flanking DNA sequences outside the PWM match 

can significantly affect TF binding and contribute to the PBM signal. For this reason, 

flanking regions outside the PWM match were included, as long as the PWM match fell 

within the limits defined by the L and R parameters.  

Several L/R pairs (L2R12, L2R15, L2R18, L5R5, L5R10, L5R12, L5R15, L5R18, 

L8R12, and L8R15) were tested. On average, L5R10 resulted in the most accurate models 

and, therefore, was chosen. However, using different L/R pairs did not markedly change 

the results of the comparisons between DNA shape-augmented models and traditional 

sequence-based models of DNA binding specificities. 

4) The preceding step identified the best PWM match within each probe, within 

the limits defined by the L and R parameters, regardless of the PWM score. In this step, 

any probes for which the best PWM match did not correspond to a putative TF binding 

site (defined as a site containing at least two consecutive 8-mers with uPBM E-score > 
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0.3) were filtered out. This criterion is not a stringent cutoff for defining TF binding sites 

(Berger et al., 2006; Gordân et al., 2013), but it ensures that most of the selected probes do 

contain a specific TF binding site. 

5) Although not common, some DNA probes on uPBMs can contain two or more 

TF binding sites. In such cases, it is not clear how much each binding site contributes to 

the PBM signal. To remove such probes from consideration, the probe region outside the 

central 12 base pairs (corresponding to the best PWM match) was scanned. Probes that 

contained a second potential binding site were filtered out. 

6) Finally, for each TF, the selected probe sequences were trimmed to a length of 

T = Length(PWM) + 2 * L base pairs, to ensure that the same amount of flanking sequence 

was used for each putative TF binding site.  

For one of the 66 TFs in the DREAM5 study (Weirauch et al., 2013), Nhlh2, none of the 

DNA probes passed the filtering criteria. Therefore, this TF was not included in further 

analyses. 

Most uPBM analyses presented here use cross-validation on the uPBM data 

obtained from a specific array design. An alternative approach for testing shape-

augmented specificity models is to train the models on uPBM data from one array 

design and use them to predict the binding data obtained using a different array design, 

similar to the procedure used by (Weirauch et al., 2013). The latter approach has the 

advantage that it can test whether the shape features capture array-specific biases and 



 

85 

artifacts. However, this approach can only be used if the data obtained using the two 

array designs agree well with each other and are of similar quality.  

 We analyzed the uPBM data for both array designs used by (Weirauch et al., 

2013) for the 66 mouse TFs. For each TF, we computed the squared Pearson correlation 

coefficient (R2) between the 8-mer E-scores derived from the two array designs. Next, we 

selected the top 10 TFs (Oct1, Pit1, Prdm11, Sox3, Zkscan1, Dmrtc2, Foxo6, Nkx2-9, 

Pou1f1, and Sdccag8) with the highest correlation between the array designs (i.e., with 

R2 > 0.45). For each of the 10 selected TFs, we trained specificity models on one array 

design (as described above, but without performing an embedded cross-validation). We 

used those models to predict the binding data for the second array design. Data from 

both array designs were processed in the same way, as described in the section “uPBM 

data” above. 

3.4.7 Cross-platform testing and SELEX-seq data 

To assess how well our PBM-trained models are able to predict TF binding data 

obtained using other in vitro technologies, we generated SELEX-seq data for one of the 

TFs in our study, the human protein Max. The SELEX-seq experiment was carried out in 

the Mann laboratory as described previously (Riley et al., 2014; Slattery et al., 2011). Max 

(66 nM) was incubated with the following randomized oligonucleotide library (at 200 

nM): GTTCAGAGTT CTACAGTCCG ACGATCTGG (16 X N) CCAGAACTCG 

TATGCCGTCT TCTGCTTG.  The following oligonucleotide was used to track the 
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mobility of the Max-DNA complex: ATACATAAGA TCGCATTATG TGGCTTATCA 

AACCACGTGG TTTATCAAAA TAATAAGTGA TCTGTCATTG ATC. Sequencing was 

performed with an Illumina HiSeq 2500. 

After two rounds of SELEX, we calculated the relative affinities of all 12-mers as 

described previously (Riley et al., 2014; Slattery et al., 2011). Briefly, a fifth-order Markov 

model was constructed by using Round 0 sequences to predict the number of 12-mer 

sequences in the initial library (Riley et al., 2014; Slattery et al., 2011). Then, the relative 

affinity of each 12-mer was generated by calculating the square root of the enrichment 

ratio (counts in Round 2/expected counts in Round 0 from the Markov model).   

We used our regression-based models trained on gcPBM data to predict Max 

binding as measured by SELEX-seq. This task is not trivial because the binding 

measurements obtained from the two technologies are very different: the gcPBM 

measures TF binding to 36-bp genomic regions centered at putative TF binding sites, 

whereas SELEX-seq measures average TF binding to short sequences (typically 6 to 12 

bp), which might contain a TF binding site at any position. Thus, to train our models on 

gcPBM data and test them on SELEX-seq data, both data types were preprocessed as 

described below. 

First, we trimmed the 36-bp genomic sequences in the Max gcPBM data to the 

central 10 bases. For each 10-mer obtained at this step, we calculated its average gcPBM 

signal (which was used as the response variable in the SVR analysis) as the average of 
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the PBM log intensity for all 36-bp probes centered at that 10-mer. To ensure that the 

average 10-mer binding signal was not biased toward specific flanking regions, we did 

not consider 10-mers that were present in fewer than ten 36-bp probes. Then, we trained 

the sequence- and shape-based regression models on the set of selected 10-mers and 

their corresponding average gcPBM log intensities. 

We processed the SELEX-seq data using a method similar to the one described 

above for uPBM data, with the goal of obtaining SELEX-seq 12-mers that contain only 

one putative binding site, located in the center of the 12-mer. The putative binding site 

in each SELEX 12-mer was determined by scanning the sequence with an 8-bp Max 

PWM and selecting the best PWM match. We discarded the 12-mer sequences for which 

the putative binding site had an uPBM E-score < 0.3 because these sequences were 

unlikely to be bound specifically by the TF of interest. After this processing step, 12-mers 

centered at putative Max binding sites were immediately included in our analyses.  

To include as many SELEX-seq sequences as possible, we also selected 12-mers in which 

the putative binding site was shifted from the center of the 12-mer by 1 bp. Finally, to 

ensure that all sequences used in our analyses were the same size, we trimmed the 12-

mer SELEX sequences to 10-mers by keeping only 1 bp on each side of the putative 

binding site. The relative affinities of the resulting 10-mers were calculated as the 

average relative affinities of all 12-mers that were trimmed to a particular 10-mer. The 
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SELEX-seq data for Max were submitted to the Gene Expression Omnibus (GEO) under 

accession number GSE60200. 

3.4.8 Performance evaluation of sequence- and shape-based models on in 
vivo TF binding data 

We evaluated the performances of the regression models on the in vivo ChIP-seq data 

by applying an AUC-based method, similar to the method used by (Weirauch et al., 

2013). For each of the five TFs tested by an AUC-based method in (Weirauch et al., 2013), 

we selected the top 500 ChIP-seq peaks (ranked by their ChIP-seq signal) that did not 

contain any masked sequences. The central 100-bp sequence in each peak was used to 

generate the positive set. To obtain the negative set, 100-bp sequences were randomly 

selected from the mouse genome, such that the negative sequences contained no masked 

nucleotides. This procedure was repeated five times to generate five different random 

negative sets.  

For each of the three human bHLH TFs in our study, we used the uniform peaks 

reported in the ENCODE project for the K562 cell line (Consortium, 2012). For each TF, 

we selected the top 2000 ChIP-seq peaks, and we used the 100-bp sequences centered at 

the peak summits to generate the positive sets. To obtain high-quality negative sets, we 

randomly selected the same number of 100-bp sequences from open chromatin regions 

(defined according to DNase-seq data (Consortium, 2012)) that do not overlap any ChIP-

seq peaks of the TF of interest. This procedure was repeated five times to generate five 

different negative sets for each TF.   
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For each pair of positive and negative sequence sets, we calculated the AUC 

values for the PWM model (the best PWM for in vivo prediction reported by (Weirauch 

et al., 2013) for each TF) and for our regression models. For the five TFs from the 

DREAM5 study, we used the L5R10 setting (see above), in order to be consistent with 

the analyses on in vitro data presented in Figures 3.1 – 3.4. The in vivo predictions 

obtained using our regression models can be further improved by optimizing the L and 

R parameters.  

To calculate the AUC using a PWM model, each 100-bp sequence was scanned, 

and the best PWM score was reported. To calculate the AUC with a regression model, 

each 100-bp sequence was scanned to identify putative TF binding sites (defined by the 

same criteria used to process the uPBM data and to design the gcPBMs), and the highest 

predicted binding intensity over all putative TF binding sites was reported. Sequences 

containing no putative binding sites were assigned a score of 0. Regression models were 

not used to score nonspecific TF binding sites, as it is not expected that models of 

specific TF-DNA binding can accurately predict the strength of nonspecific interactions. 

Figure 3.5 (D, E) reports the AUC values for both PWMs and regression models on the 

ChIP-seq data for the five mouse TFs that were tested by (Weirauch et al., 2013), Esrrb, 

Gata4, Tbx5, Tbx20, and Zfx, as well as the three human bHLH factors in our current 

study. 



 

90 

For six of the eight datasets in Figure 3.5D-E, regression models trained on PBM 

data performed better than PWMs. For one dataset (Tbx20) all models achieved AUC 

enrichment scores close to what we would expect by chance (0.5). In only one case, the 

Esrrb uPBM dataset, the AUC for the regression models was lower than the AUC for the 

PWM (Figure 3.5D). This result was not surprising because the uPBM data for Essrb is of 

low quality compared to the other DREAM5 datasets. In general, for a good-quality 

uPBM experiment we observe hundreds of 8-mers with E-scores > 0.35, which 

correspond to specific TF binding sites (Berger and Bulyk, 2009). However, in the case of 

Esrrb, the uPBM data contained only 52 such 8-mers. For comparison, for the 66 uPBM 

data sets in the DREAM5 challenge, the number of 8-mers with E-score > 0.35 varied 

between 48 and 907, with an average of 433 and a median of 435. Given the low number 

of high-scoring 8-mers in the Esrrb uPBM data and the overall low quality of this 

dataset, it was not surprising that our quantitative regression models achieved a lower 

AUC on the Esrrb data compared to the PWM. 

We also performed a quantitative analysis of the in vivo ChIP-seq data for the 

three human bHLH factors in our study, focusing on the ChIP-seq peaks that had the 

largest differences in predicted binding intensity between 1mer and 1mer+shape models 

(Figure 3.5F-K). First, for each ChIP-seq peak we identified the highest intensity site 

according to both the 1mer and the 1mer+shape models, and we sorted the peaks by the 

difference in predicted log intensity between the sites identified by the two models. 
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Similar to the other analyses in this work, we used the predicted natural logarithm of the 

binding intensity. Second, we selected the top N ChIP-seq peaks (N = 5,000 for Myc and 

Max, and 2,000 for Mad) predicted to have higher intensities according to the 

1mer+shape compared to the 1mer model, and the bottom N ChIP-seq peaks, i.e. the 

peaks predicted to have higher intensities according to the 1mer model. Third, we split 

each set of N peaks into 20 bins, and we computed the mean ln(ChIP-seq signal) and 

mean predicted ln(PBM intensity). These values are reported in Figure 3.5F-K.  

As shown in Figure 3.5F-K, we observed a better correlation for ChIP-seq peaks 

predicted to have higher in vitro binding intensity according to the 1mer+shape model 

(Figure 3.5F-H) than the 1mer model (Figure 3.5I-K). The results were similar when we 

restricted the difference in predicted ln(PBM intensity) to be larger than a given cutoff 

(data not shown). We performed a similar analysis comparing 1mer+2mer versus 1mer 

models, as well as 1mer+2mer+3mer versus 1mer models. As expected, the more 

complex models led to better correlations with the ChIP data. We also compared 

1mer+shape versus 1mer+2mer and 1mer+2mer+3mer models, but the results were 

inconclusive because different models performed best depending on the TF and the 

parameters of the analysis (i.e. number of sequences and number of bins). The number 

of bins shown in Figure 3.5F-K was 5,000 for Myc and Max (for which the ChIP-seq data 

sets contained ~24,000 and ~30,000 total peaks, respectively) and 2,000 for Mad (for 

which the ChIP-seq data set contained only ~6,700 peaks). 
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3.4.9 Number of parameters in k-mer-based regression models 

For each nucleotide position in the TF binding sites, our k-mer models use four features 

to encode 1mer identity, 16 features to encode 2mer identity, 64 features to encode 3mer 

identity, and 8 features to encode DNA shape (i.e., 4 first-order and 4 second-order 

shape features). Therefore, the 1mer+shape, 1mer+2mer, and 1mer+2mer+3mer models 

used a total of 12, 20, and 84 features per nucleotide position, respectively (Figures 3.7A 

and 3.9A). Simple motif models in which the parameters represent probabilities of 

having specific nucleotides at specific positions in the TF binding site (e.g., position-

specific frequency matrices) have only 3 independent parameters per position. However, 

in our models, the parameters represent weights related to the contribution of specific 

nucleotides to the TF binding signal. The sum of the 4 weights (corresponding to 

nucleotides A, C, G, and T) can be different at different positions, which is why we use 

all four 1mer features at each position in the binding site. 

The k-mer features used in our regression models are not independent of each 

other. In theory, the 2mer features can capture the contributions of 1mers, and 3mer 

features can capture the contributions of 1mers and 2mers. However, using just 2mers or 

just 3mers while training k-mer regression models is problematic when (some of) the 

real contributions to the binding affinity are due to 1mers. For example, assume that 

nucleotide A at position i in the binding site contributes x to the TF binding signal. To 

capture this contribution with a 1mer+2mer model, the regression algorithm only needs 
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to learn one weight (x) for the feature A at position i. However, capturing this 

contribution using only 2mer features is not trivial. One possibility would be for the 

model to learn a weight x/2 for the features AA at position i-1, CA at position i-1, GA at 

position i-1, TA at position i-1, AA at position i, AC at position i, AG at position i, and 

AT at position i. If the important contributions at positions i-1 and i+1 are also due to 

1mers, then the regression algorithm will have an even harder time finding the correct 

weights for 2mer features in order to capture 1mer effects. Thus, training models that 

include both 1mers and 2mers (or 1mers, 2mers, and 3mers) is a valid approach, which 

we have used when reporting the numbers of parameters in the main text of our 

manuscript. We also tested SVR models using only 2mer or 3mer features (data not 

shown); however, they performed slightly worse than models using 1mers+2mers or 

1mers+2mers+3mers. 
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4 Determination of differential DNA binding specificity 
between paralogous transcription factors 

 

4.1 Introduction 

Transcription factors (TFs) interact with DNA in a sequence specific manner, and these 

interactions represent a key mechanism in the regulation of gene expression. In 

eukaryotes, most TFs undergo gene duplication and divergence during evolution, 

resulting in many TFs having very similar DNA binding structures and recognizing 

similar DNA sequence motifs. TFs that have such properties and also belong to the same 

species are defined as paralogous TFs. Different structural families often contain very 

different numbers of paralogous TFs. For example, the E2F family contains less than 10 

protein members in human, whereas the basic helix-loop-helix (bHLH) family has more 

than 100 members in human. Redundant functions of some paralogous TFs have been 

observed in previous studies. For example, E2F proteins E2F1 and E2F3 both activate 

genes involved in the G1/S cell cycle transition (Attwooll et al., 2004). However, most 

TFs have evolved functions that are distinct from their paralogs in the cell, and thus 

paralogous TFs can accomplish a big variety of biological processes and molecular 

functions to regulate cell behavior. 

Genomic target profiles of hundreds of TFs has been determined across different 

cell types with the availability of high-throughput in vivo assays like ChIP-seq 
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(Consortium, 2012; Mardis, 2007; Schmid and Bucher, 2007). Similarly, high-throughput 

in vitro assays like PBM and SELEX-seq enabled measurements of sequence specificity 

for thousands of TFs. Much attention has been paid to characterizing the DNA binding 

specificities of TF families, represented as position weight matrices (PWMs) or motifs 

(Badis et al., 2009; Jolma et al., 2010; Jolma et al., 2013; Weirauch et al., 2013; Weirauch et 

al., 2014). Previous studies show that paralogous/orthologous TFs, or proteins from the 

same structural families, tend to have similar DNA binding specificity and 

indistinguishable PWMs, thus restricting any inference of TF-DNA interaction to a 

family-wide conclusion that applies to multiple paralogous TFs. However, paralogous 

TFs that are often co-expressed in the same cell can perform different, sometimes even 

opposite, biological functions, by targeting distincting genomic regions in vivo. For 

example, while Myc is a well known oncogene and generally leads to transcription 

amplification upon binding to DNA, its paralogous TF Mad functions as a tumor 

suppressor and represses gene expression (Dang, 2012; Foley and Eisenman, 1999; 

Meyer and Penn, 2008).  

Currently, little is known about the mechanisms that explain the differential 

genomic targets between paralogous TFs, especially whether sequence specificity plays a 

role. Previous studies show that co-factor binding can affect genomic targets of specific 

TFs, which explains in part the differential genomic targeting of some paralogous TFs 

(Garvie et al., 2001; Mann et al., 2009; Siggers et al., 2011; Slattery et al., 2011). Some 
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studies have suggested that there might be some small differences in intrinsic specificity 

between paralogous TFs (Badis et al., 2009), but these were not studied in depth and it 

remains unclear how prevalent this is, and whether such small differences can 

contribute to the differential genomic targeting of paralogous TFs.  

In this study, we ask whether paralogous TFs with indistinguishable PWMs can 

have differences in sequence specificity that explains, at least in part, their differential 

genomic targets in vivo. To test this, we carefully examined the DNA binding specificity 

of 11 full-length human paralogous TFs from 4 distinct structural families using genomic 

context PBM (gcPBM) assays. Pair-wise comparisons between paralogous TFs showed 

differential DNA binding specificities for most TF pairs, as compared to replicate 

experiments. Analysis of the gcPBM data for paralogous TFs, in combination with linear 

support vector regression (SVR) modeling, lead to the identification of sequence features 

preferred differently by individual TF family members. Importantly, we show that SVR 

models trained on in vitro gcPBM data can accurately model the sequence specificity of 

paralogous TFs, and they can also capture differentially preferred in vivo binding sites 

(Figure 4.1). 
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Figure 4.1: gcPBM combined with SVR modeling identifies differential DNA 
binding specificity between paralogous TFs. 

 

4.2 Results 

4.2.1 Paralogous TFs with indistinguishable PWMs interact differently 
with their genomic target sites in vitro 

Given that paralogous TFs have similar sequence preferences, and that DNA sequence is 

a major factor that determines TF binding, it is expected that the genomic recruitment 

profiles of paralogous proteins highly overlap. However, by examining the ChIP-seq 

peaks in multiple cell lines, we found that genomic targets of paralogous TFs across 
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different structural families are different, although they have some shared in vivo targets 

(Figure 4.2). Interestingly, the PWMs derived from the genomic targets of individual 

paralogous TFs are indistinguishable (Figure 4.2). If co-factors that can modify TF 

specificity are mainly responsible for differential genomic targeting by paralogous TFs, 

then we would expect to see some differences in the PWMs derived from the genomic 

targets of individual TFs. The fact that both paralogous TFs have similar PWM motifs 

while recognizing different sets of genomic targets may suggest that the PWM motifs 

cannot capture the difference in specificity between paralogous TFs. 

 

Figure 4.2: Paralogous TFs often bind to different genomic targets, despite 
having indistinguishable PWMs. 

 Despite the popularity of PWM models to represent TF specificity, limitations of 

PWMs have been widely recognized. A typical PWM only shows information for a few 

core binding site positions, whereas influences from flanking sequences are not captured 

(Gordan et al., 2013; Levo et al., 2015). Furthermore, the PWM model assumes that each 

nucleotide contributes to TF-DNA binding independently, assumption that has been 

proven incorrect for many TFs. Another way to represent TF specificity is to use 8-mer 
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E-scores derived from universal PBM data (Badis et al., 2009; Weirauch et al., 2014). 

While application of E-scores is easy and overcomes the inter-dependency problem of 

TF-DNA binding sites, 8-mer data still cannot incorporate the influence of flanking 

regions, which may be critical for distinguishing the preferences of paralogous TFs. 

4.2.2 Genomic-context PBM assays for studying the specificity of human 
transcription factor paralogs 

To study the sequence specificity of paralogous TFs in a quantitative, high-throughput 

manner, we designed genomic-context PBM (gcPBM) libraries (Gordan et al., 2013) and 

carried out PBM experiments to measure the binding specificity of paralogous TFs to 

genomic DNA sequences (Figure 4.3). There are several advantages of using gcPBM over 

universal PBM assays. First of all, instead of capturing specificity for artificial DNA 

sequences, which is what uPBM assays reveal, the signal intensities measured in a 

gcPBM experiment represent direct measurements of binding specificity of TFs for the 

same genomic sequences they encounter in the cell. Second, fixing the putative binding 

site in the center of gcPBM probes minimizes the positional bias of the universal design, 

and at the same time it makes it possible for us to study the effect of flanking genomic 

sequences on TF binding specificity. Our previous studies show that gcPBM assays 

capture the influence of flanking sequences to TF-DNA specificity (Gordan et al., 2013). 

Third, each array design contains a few hundred probes as negative controls, which 

provides a benchmark for studying the specificity/affinity of putative specifically-bound 

sites. Lastly, instead of having each probe sequence appear once on the array, which is 
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the case for the uPBM design, on gcPBMs we have 6 replicate microarray spots for each 

probe sequence, which further helps reduce bias and noise (Figure 4.3). 

 

 

Figure 4.3: Workflow of gcPBM assay for paralogous TFs, illustrated for TFs of 
the E2F family. 

We designed one gcPBM array for each of the 4 structural families and 

performed PBM experiment for each individual TF in our study (Figure 4.4). For each 

protein family, genomic targets of paralogous TFs in selected cell lines, as measured by 

ChIP-seq, were scanned for putative binding sites at a very low cutoff. Using PWMs and 

8-mer E-scores from uPBM experiments as prior information, we developed a method to 

select putative binding sites (see Section 4.4.3) with the binding motif aligned in the 

center of the 36bp probe. After the PBM experiment, we scan the array and normalize 
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the fluorescence signal as described previously for universal PBMs (Berger et al., 2006), 

and we use the median values over replicate probes as ‘occupancy scores’ that represent 

the DNA binding specificity of the TF tested. 

 

Figure 4.4: gcPBM was carried out for each TF to make direct comparison 
between paralogous TFs. 

In order to study the effect of variations in active TF concentration, and thus 

variations in TF occupancy, across different experiments, we tested individual 

paralogous TFs at several concentrations of total protein. Comparisons of specificity 

between different/same total protein concentrations for the same TF serve as 

benchmarks when comparing specificity between paralogous TFs. 
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4.2.3 SVR models accurately predict in vitro TF binding specificity for 
proteins in different structural families  

To understand what sequence features contribute to the DNA binding specificity of TFs 

in different families, and to generalize TF-DNA specificity in order to make predictions 

on all genomic sequences, we developed a combined support vector regression model 

(combined SVR). Because many paralogous TFs show different preferences to different 

cores, we speculate that the alternative modes of binding cannot be accurately captured 

using one simple SVR model. Therefore, we built a combined SVR model that describes 

probes with different cores separately. The workflow of the combined SVR model is 

shown in Figure 4.5. First, we identify the ‘core’ motifs as short DNA sequences that 

satisfy two criteria: 1) are well represented in the gcPBM, and 2) have specific binding 

intensity for either of the paralogous TFs, as compared to the negative control probes, 

and thus are highly likely to be bound by the TFs of interest. We then split the gcPBM 

data matrix into several data matrices, each corresponding to one core motif. Next, for 

each core data matrix, we build an epsilon support vector regression (e-SVR) model 

using 1mer, 2mer, and 3mer sequence features. We applied an iterative five-fold cross- 
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Figure 4.5: Workflow of our approach for training "combined SVR" models 
from gcPBM data. 

validation to train the parameters for each SVR model and we estimated our model 

performance by predicting on each of the five-fold data for each subset matrix. The 

combined SVR models reached high Pearson squared correlation coefficient (R2) 

between real and predicted occupancy scores for all the TFs tested, indicating that the 

combined SVR models accurately capture the DNA binding specificity of TFs (Figure 

4.6). 
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The combined SVR models can be applied to make predictions on sequences not 

tested in the gcPBM assays, allowing accurate specificity predictions of occupancy scores  

 

Figure 4.6: Prediction accuracy of combined SVR models for TFs from the 
bHLH, ETS, and E2F families. gcPBM probes with different core binding motifs are 
colored differently. 

for any genomic region bound by the TFs of interest. In addition, linear SVR models 

support quick calculation of sequence feature weights, which facilitates our study into 

the differential preferences of paralogous TFs for flanking sequence.  
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4.2.4 TF-DNA specificity is often different for close paralogs, even when 
their PWMs are indistinguishable  

We analyzed the gcPBM result for all paralogous TFs tested, as summarized in 

Figure 4.7. Most of the paralogous TFs tested have lower correlation between each other 

than between replicates of the TF, indicating that DNA binding specificities are different  

 

Figure 4.7: Across different TF families, paralogous TFs oftentimes show 
distinct in vitro specificities, despite having indistinguishable PWMs. Gray bars are 
for replicate experiments. Each family is colored differently, and one pair of paralogous 
TFs in highlighted in each family (with shadow). Each of the four families tested is 
mapped with one crystal structure (lower panel). 

between these paralogous factors. Only two pairs of paralogous TFs in our study 

showed identical DNA binding specificity: E2f1-E2f3 and Runx1-Runx2 (Figure 4.8). 

Interestingly, E2f1 and E2f3 have been reported to have redundant biological functions 
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(Attwooll et al., 2004), whereas Runx1 and Runx2 are expressed in very different tissue 

types and thus are not typically co-expressed under normal cellular conditions (Elagib et 

al., 2003; Hyde et al., 2015; Komori, 2008, 2011; Lacaud et al., 2002; Liu and Lee, 2013). 

 

Figure 4.8: Paralogous TFs with identical specificity compared to replicate 
data. Venn diagram represents the ChIP-seq peaks identified for each TF. 

To understand how DNA binding specificities are different between paralogous 

TFs, we selected one pair of paralogous TFs from each protein family and compared 

their occupancy scores (Figure 4.9). Of note, the distribution of occupancy scores for 

every pair of TFs is different, indicating that there is no general rule about how 

paralogous TFs differ in DNA binding specificity across protein families (or even among 

different TF comparisons). For example, in the scatter plot comparing Myc and Mad 
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binding specificity there is one subset of probe sequences that have a different slope 

from the main correlation line, whereas in the Ets1 versus Elk1 comparison there is a 

wide spread of occupancy scores for the middle and low affinity sequences (Figure 4.9). 

 

Figure 4.9: Paralogous TFs with indistinguishable PWMs show difference in 
DNA binding specificity compared to replicate experiment. 

Interestingly, most TF pairs converge in their specificity for the highest affinity 

sites, while sequences with differential specificity generally have medium to low 

occupancy scores. This is consistent with the fact that paralogous TFs have 

indistinguishable PWMs, since PWMs are best at capturing the DNA binding sites with 

the highest TF affinity . However, medium and low affinity sites may be critical for 
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establishing differential DNA-binding specificity for closely-related paralogous TFs not 

only in vitro, but also in vivo. 

4.2.5 Differentially preferred sequences between paralogous TFs are 
different in DNA shape profiles and are involved in different biological 
functions 

To study differential specificity in a more rigorous way, we applied weighted 

linear regression method to fit each pair of paralogous TF comparison by incorporating 

the variance structure from replicate experiment, as described in detail in the Methods 

section below (Figure 4.10). Using this method, we quantified the percentage of 

differentially preferred sequences tested in our gcPBM (Figure 4.10). We found that 

paralogous TFs with differential specificity typically recognize more than 20% of 

genomic sequences as differentially preferred, whereas TF paralogos sharing the same 

specificity have less than 10% of genomic sequences as differentially preferred. 
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Figure 4.10: Differentially preferred sites identified using weighted regression 
approach. (A) Brief scheme of the weighted regression approach, where a regression line 
is fitted according to paralogous TF data, and variance structure from replicate data is 
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adapted in the regression to define “identical specificity”. (B) Quantification of 
percentage of differentially preferred sites measured in gcPBM for each TF. 

Sequences differentially preferred by paralogous TFs may imply differential 

preference between paralogous TFs in DNA shape. Therefore, we examined the DNA 

shape profiles of differentially preferred sequence, and found that it is indeed the case. 

For example, when comparing the Roll angles between sequences preferred differently 

by Elk1 and Ets1, we found that the Roll angle profiles between differentially preferred 

sequences are distinctly different (Figure 4.11A).  

In addition to differential preference in native DNA shape, we reason that 

paralogous TFs can also achieve functional specificity through differential specificity in 

DNA binding. To test this hypothesis, we mapped the probe sequences that are 

differentially preferred by paralogous TFs back to the genome, and compared the 

biological functions these sequences involved in. As shown in Figure 4.11B for the 

example of Elk1 and Ets1, different GO terms are enriched for genes associated with 

differentially preferred sequences, with many of the terms reported in independent 

studies previously. This suggests that sequences preferred differently by paralogous TFs 

in vitro can be not only important for their differential genomic target in vivo, but also 

help individual TF achieve their functional specificity in the cell. 
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Figure 4.11: Differentially preferred sites show (A) different DNA shape 
profiles and (B) are involved in different biological functions for associated genes. 
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4.2.6 Core sequences contribute to differential DNA binding specificity 
between paralogous TFs 

While the influences of flanking sequences on TF-DNA binding come mainly 

from indirect readout of the local DNA shape (as shown in Chapter 3), core sequences 

play a more significant role in TF-DNA recognition, establishing direct hydrogen bonds 

between protein side chains and DNA base-pairs. Some large scale studies of TF-DNA 

binding revealed that many eukaryotic TFs have several distinct DNA binding motifs, 

indicating they are relatively flexible in the selection of their core binding sequences 

(Badis et al., 2009; Gordan et al., 2011; Wei et al., 2010). In accordance with previous 

studies, we found several core motifs for each of the TFs in our study. In addition to 

that, our data revealed that paralogous TFs have different preferences for different core 

motifs (Figure 4.12). For example, when comparing the specificities of ETS factors Ets1 

versus Elk1, we found the both proteins bind well to sequences containing the GGAA 

core, but Ets1 has a higher preference for sequences containing the GGAT core 
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Figure 4.12: Core sequences contribute to differential DNA binding specificity 
between paralogous TFs. 

4.2.7 Flanking sequences contribute to differential DNA binding 
specificity between paralogous TFs 

In order to dissect the sequence features that contribute to the differential DNA-

binding specificity between paralogous TFs, we calculated weights for each of the k-mer 

sequence features from the linear SVR models, as described in Chapter 2 and in (Gordan 

et al., 2013). Figure 4.13 shows the similarities and differences between paralogous TFs 

in terms of their feature weights sequence k-mers flanking the core binding sites. We 

observed that some sequence features have significantly different weights between 

paralogous TFs, despite a generally high correlation. For example, feature weights 
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between Ets1 and Elk1 are different (R2 = 0.70). Consequently, the distributions of 

occupancy scores for sequences with different flanks are different on the scatterplot 

comparing the binding specificity of TF pairs (Figure 4.13). Consistent with previous 

studies showing that flanking sequences influence TF-DNA binding (Gordan et al., 

2013), it is reasonable that flanking sequences also have an impact on the differential 

DNA binding specificity between paralogous TFs. 

 

Figure 4.13: Flanking sequences contribute to differential specificity between 
paralogous TFs. 

4.2.8 Preferences of flanking sequence are different for different cores 

Binding of TFs to DNA includes interactions with both core and flanking 

sequences. Affinities change when the core sequences change, as well as when changes 
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occur in the flanking sequences. Somewhat surprisingly, when comparing flanking 

sequence feature weights between two core motifs for the same TF, we found distinct 

preferences in flanking sequences, with Squared Pearson correlation coefficient as low as 

0.20 (Figure 4.9). This finding motivated our choice to train different SVR models for 

different core binding sites, as described in detail in Sections 4.4.7. 

 

Figure 4.14: Preference of flanking sequences are different for different cores 
even for the same TF. 

4.2.9 SVR models trained on in vitro gcPBM data can partially predict 
the differential in vivo binding profile of paralogous TFs 

 To test whether our combined SVR models accurately capture specificity 

differences relevant for the differential in vivo binding profiles of paralogous TFs, we 

applied the combined SVR model to make predictions on ChIP-seq peaks for Myc and 

Mad from HelaS3 cells, and ChIP-seq peaks for Ets1 and Elk1 from K562 cells. Because 

these peaks were not included in the design of the gcPBM, most of the sequences were 
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not measured in the gcPBM experiments. We reasoned that if differential specificities 

between paralogous TFs accounts for, at least in part, the differential genomic targets in 

vivo, and if our combined SVR models capture such differences (although the differences 

were not captured by PWMs), then we would expect genomic sites bound only by TF1 

to have more TF1-preferred sites (as predicted by the TF1 SVR model), and genomic 

sites bound only by TF2 to have more TF2-preferred sites (as predicted by the TF2 SVR  

 

Figure 4.15: SVR models trained from gcPBM can capture differential 
specificity between paralogous TFs in vivo while PWMs cannot. 

model). We used DESeq to call uniquely bound peaks, and the ratios of predicted 

occupancy scores between TF1 and TF2 as measures of in vitro preference. For both 

bHLH and ETS families, we show that TF1-unique peaks have significantly higher ratios 
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of predicted occupancy scores between TF1 and TF2, and vice versa (Figure 4.10). In 

contrast, applying the same approach but using PWM models instead of gcPBM-derived 

models cannot capture the specificity differences in uniquely bound genomic regions. 

 

4.3 Discussion 

In this study, we carried out comprehensive comparisons in intrinsic DNA binding 

specificity among 11 paralogous TFs across 4 distinct structural families.  

While co-factors are recognized to be important for the specificity of function of  

paralogous TFs, our results show that differences in intrinsic DNA binding specificity 

can also be critical for paralogous TFs to distinguish among their genomic target sites. 

At first glance, our finding may seem somewhat surprising, given that the paralogous 

TFs tested in our study have indistinguishable PWMs. However, we need to keep in 

mind that, after all, DNA binding specificity is a fundamental characteristic of TFs. Yet, 

the contribution of intrinsic sequence specificity to the differential in vivo binding 

profiles of paralogous TFs is a largely unexplored area of research, leaving open the 

question of how general are the specificity differences identified in our study, when 

looking at hundreds or thousands of paralogous TFs .  

There are several reasons why this is a difficult problem to study. First, most 

paralogous TFs have similar preferences for their highest affinity binding sites, and what 

distinguish them from each other is mostly their binding specificity for medium and low 
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affinity sites. Thus, a proper comparison between close paralogs requires quantitative,  

high throughput experimental data from assays that can measure TF-DNA interactions 

over a wide range of binding affinities, including low affinity interactions. In our study, 

we were able to identify differences between paralogous TFs due to the quantitative, 

high quality, and high throughput of the gcPBM assay.  

Second, while the most widely applied DNA binding specificity model, the 

PWM, has many nice features as a simple and straightforward statistical model to 

represent TF specificity, it is not a suitable model to study specificity differences 

between paralogous TFs, as it is only an approximation of TF-DNA binding specificity, 

and does not capture the influences of flanking sequences (which are nicely captured in 

our gcPBM data).  

Furthermore, most previous studies on TF specificity focus on characterizing the 

sequence features that characterize high affinity sites, assuming that the high affinity 

sites contain most of the “valuable” specificity information and can explain most of the 

TF-DNA interactions in vivo. Recently, a few research groups have acknowledged the 

problems with that assumption, and have recognized the impact of lower affinity sites 

on TF-DNA interaction both in vitro and in vivo (Badis et al., 2009; Wei et al., 2010). Our 

study provides further evidence that lower affinity sites can be critical for TF-DNA 

recognition, as they have important contributions to the differential genomic occupancy 

of closely related paralogous TFs in vitro and in vivo. 
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4.4 Materials and Methods 

4.4.1 ChIP-seq dataset and processing 

The ChIP-seq data for transcription factors Myc, Mad, E2f1, E2f4, E2f6, Ets1, Elk1, 

and Gabpa were retrieved from ENCODE database. We used ChIP-seq experiments 

generated in Gm12878, HelaS3, H1hesc, K562, and MCF7 cell lines. ChIP-seq data for 

Runx TFs were retrieved from the NCBI Gene Expression Omnibus database, with 

accession number GSE24674 for Runx1 in primary human megakaryocytes, and 

GSE49585 for Runx2 in cultured human osteoblasts. 

The ChIP-seq data were downloaded as bam files, and we applied two peak 

calling methods: 1) MACS2 peak caller with q-value cutoff = 0.001 after merging bam 

files from replicate experiments. 2) IDR pipeline, with cutoff of false discovery rate = 0.05, 

as recommended by the authors. Peaks called by MACS2 were used for designing 

gcPBM libraries, whereas IDR peaks were used for all the in vivo analyses in this study. 

We found that for most TFs, the observed trends hold for both MACS2 (loose) and IDR 

(stringent) peaks.  

For each of the peak sets called by either program, we ran MEME-ChIP to check 

if the known motif is enriched as top motif in the experiment. Because Ets1 replicate 1 

ChIP-seq peak sets in Gm12878 does not recover the known GGAA (TTCC) motif, we 

only used peaks called by MACS2 for replicate 2 to represent Ets1 peaks. 
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Differential peaks are identified using the DEseq2 tool. First we counted the total 

number of reads mapped to each paralogous TF peak using Rsamtools. Then we used 

DEseq2 to estimate the dispersion and to call differential peaks. The default setting of 

false discovery rate = 0.1 was used. 

4.4.2 Protein expression 

The Life Technologies Gateway cloning system (Liang et al., 2013) was used to 

insert full length human E2F1 and E2F4 genes into the pET-60 destination vector with a 

c-terminal GST tag. Cells were grown in LB culture to an OD600 of 0.4, then protein 

expression was induced with 1mM IPTG at 30°C for 2hrs (E2F1), or 20°C overnight 

(E2F4). Pelleted cells were frozen, then thawed cells were lysed in PBS lysis buffer for 

two hours at 4°C while gently rocking. The lysate was centrifuged, and the protein was 

recovered from the soluble lysate using a GE GSTrap FF GST tag affinity column 

according to manufacturer’s instructions. 

4.4.3 Design of gcPBM 

To design the gcPBM probes for each TF family, we focused on genomic regions 

bound by paralogous TFs in certain cell lines, because these genomic regions most likely 

contain functional binding sites. Next, we scanned the genomic regions for putative 

binding sites using 8-mer E-scores and PWM models as prior information. In addition, 

we designed a group of probes as negative controls by scanning open chromatin regions 

not bound by paralogous TFs, and that do not contain any putative binding site (i.e. all 
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8-mers have E-score < 0.2). For each probe sequence we generated 6 replicate sequences, 

3 in each direction relative to the glass slide. Specific design and cutoff values vary 

slightly between TF families, as specified below. 

For the bHLH family, we used ChIP-seq peaks retrieved from ENCODE for Myc, 

Max, and Mxi1 in Hela and K562 cell lines. Next, we scan each peak with uPBM e-scores 

for Myc, Max, and Mad1, respectively, and select 36bp probes that contain at least 1 9-

mer (2 consecutive 8-mers) with e-score >= 0.45. Merging and selecting unique probes in 

this category as putative bond probes. To design negative control probes, for each 

protein, we randomly selected in open chromatin region as measured by DNase-seq 150 

probes with e-scores between -0.2 and 0.2, and 150 probes with e-scores < 0.2. 

For the ETS family, we used ChIP-seq peaks for Ets1, Elk1, and Gabpa in the 

Gm12878 cell line. For each peak, we used E-scores of the three TFs to locate all 9mers 

with E-score >= 0.4 for any of the three TFs.  

For the E2F family, we scanned ChIP-seq peaks for E2f1 in HelaS3 (for E2f1 and 

Ha-tagged E2f1) and MCF7 cell lines, E2f4 in Gm12878, HelaS3, and K562 cell lines, and 

E2f6 from Hela cell line. From all the putative binding sites selected, we randomly 

picked 16808 probe sequences to use for the gcPBM library. 

For the RUNX family, we focused on genomic regions bound by Runx1 in 

primary human HSPC cells and Runx2 in induced osteoblast cells, defined as 300bp 

genomic regions surrounding ChIP-seq peak summits with q-value cutoff of 0.001, 
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because these genomic regions most likely contain functional binding sites. To identify 

putative binding sites from the 300bp genomic regions, we scan the peak for sequences 

that contain two consecutive, overlapping 8-mers with E-score >= 0.4 for at least one of 

the paralogous TFs.  

Next, using PWMs of paralogous TFs with length of w, we expandd the selected 

sequences up- and downstream (w – 8)bp, we calculatef all PWM scores for these 

regions, and we expanded the selected sequence to 36bp genomic sequences centered at 

putative binding sites, defined as the sties with highest PWM scores. Probe sequences 

(36bp) that contain 5 Cs/Gs were filtered out to eliminate platform specific problems. In 

addition, probe sequences that contain potential binding sites in the flanks, defined as 

9bp sequence with E-score >=0.35, were filtered out to ensure that the TF of interest will 

bind only in the center of the probe.  

4.4.4 PBM experiment  

The uPBM and gcPBM experiments for the human TFs included in this study 

were carried out following the PBM protocol (Berger and Bulyk, 2009). First, a primer 

extension step was performed to obtain double-stranded DNA oligonucleotides on the 

microarray. Each microarray chamber was incubated with a 2% milk blocking solution 

for 1 h, followed by incubations with the protein-binding mixture for 1 h and with 

Alexa488-conjugated anti-His antibody (1:20 dilution, Qiagen) for 1 h (Berger and Bulyk, 

2009). The array was gently washed and then scanned with a GenePix 4400A scanner 
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(Molecular Devices) at 2.5-µm resolution. Data were normalized with standard analysis 

scripts (Berger and Bulyk, 2009; Berger et al., 2006).  

For bHLH TFs, 100nM total dimer concentration of His-tagged Myc:Max, 

Max:Max, and Mad:Max was used for both uPBM and gcPBM. For ETS factors, total 

concentration of 70nM (Ets1) and 100nM (Elk1) were used in uPBM, and 100nM for Ets1, 

50nM and 100nM for Elk1, and 50nM and 100nM for Gabpa were used in gcPBM. For 

E2F TFs, total concentration of 200nM for both E2f1 and E2f4 were used in uPBM, and 

200nM and 250nM for E2f1, 250nM for E2f3, and 500nM and 800nM for E2f4 were used 

in gcPBM. For Runx TFs, total concentration of 200nM for both Runx1 and Runx2 were 

used in uPBM, and10nM and 50nM for both Runx1 and Runx2 were used in gcPBM.   

 

4.4.5 gcPBM data processing 

After gcPBM experiment, the following procedure is applied to further clean up the 

data. 

1) For TFs bind as homodimers (E2Fs), filter out 36-mers with large orientation 

difference (defined as 95% quantile of orientation diff for NegCtrl probes) 

2) Re-check probe quality with e-scores 

3) Filter out probe if central 12bp have no 9-mer with escore>=0.4 for both TFs 

4) Filter out probe if flanking 10bp have any 8-mer with escore>=0.35 for both TFs 
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5) Determine the core motif length based on literature and crystal structures ( bHLH=6; 

E2F=4; ETS=4; Runx=4) 

6) Determine the major cores for each TF. Core sequence align to known motifs from 

literature. (For ETS, aligning to higher signal sequence result in both strand cores 

included) 

7) Keep only cores with N% = Nc/Nt >= 1-5%. Filter out probes that don’t have a major  

 

4.4.6 Weighted regression defining TF preferred sites 

To define sites (36bp) preferred by TF1 vs. its close paralog TF2, we applied a weighted 

regression based method, by incorporating data from replicate experiments. In the 

gcPBM, even for replicate TF experiments, variance in occupancy scores are different 

between low affinity and high affinity sites, and as the concentration of active protein 

level varies, the replicate TF experiment for the same TF with different protein 

concentration are sometimes not linearly correlated. In order to take into account all the 

above variation and define sites preferred by TF1 vs. TF2 rigorously, we applied a 

weighted regression model on the data, fitting either linear or non-linear function.  

4.4.7 SVR modeling 

In order to build computational models that can characterize and predict accurately on 

the TF-DNA specificity, we applied the following procedure to build SVR model for 

each TF. 
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1) Because TFs interact with local DNA for only limited nucleotides, and the 

influence from flanking sequence must be moderately close to the core motif, 

where specific interactions (hydrogen bonds) occur between the protein and 

DNA, we first trim all 36bp probes to the central 20bp. For most sequences 

designed on the array, 36bp to 20bp probe is 1-to-1 map. For cases where more 

than one 36bp contain the same central 20bp, the median occupancy score was 

taken to represent the occupancy score for the 20bp probe sequence. 

2) Secondary binding motifs are commonly found in TFs across different families. 

We reason that mechanisms of TF-DNA interaction can be different for different 

DNA binding motifs. Therefore, for each DNA binding motif of TF of interest, 

we build an independent SVR model, and combine the predictions based on the 

DNA binding motifs. 

3) Because our occupancy scores range from 0 to 1, and regression models based on 

the occupancy score can lead to extrapolation problem and therefore affect 

accuracy of prediction. In order to overcome this problem, we transformed the 

occupancy scores to “specificity scores” by applying inverse of logistic function. 

Therefore, the response variables of the SVR models are specificity scores, and 

the predictor variables are 1mer, 2mer, and 3mer sequence features of the 20bp 

probe sequence. 
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4) Different TF families interact with DNA differently. Thus, for each TF, we 

applied both linear and radial basis function (rbf) kernels to epsilon SVR, and 

used the best performing models for prediction. 

5) For each linear SVR model, we applied embedded 5-fold cross validation using 

hyperparameters where costs = (0.001, 0.01, 0.05, 0.1, 0.5, 1, 10), and epsilons = 

(0.001, 0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 1). 

6) For each rbf-kernel SVR model, we applied embedded 5-fold cross validation 

using hyperparameters where costs = (0.01, 0.05, 0.1, 0.5, 1, 5, 10), epsilons = 

(0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1), and gammas = (0.0001, 0.0005, 

0.001, 0.005, 0.01, 0.1, 1, 10). 

 

4.4.8 Predicting occupancy scores with SVR model in vivo 

To make predictions on all genomic sequences using SVR model, we applied the 

following procedure. First, for each genomic region to predict, e.g. ChIP-seq peaks, we 

first scan the region searching for 20bp sequences that contain at least one 9-mer with e-

score >= 0.4, and have a major core in the center. Probe sequences (20bp) failed to meet 

this criteria are considered not bound by the TF and thus are assigned occupancy score 

of 0. For each probe that contain putative binding site, occupancy score is predicted with 

SVR for each of the two paralogous TFs to compare. Knowing that the most 

differentially preferred sites in vitro are not highest affinity sites for either of the 
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paralogous TFs, we reason that the same rule applies in vivo, and therefore for each 

genomic region to test, we identified the probe that gives highest TF1/TF2 occupancy 

(and highest TF2/TF1) ratio. The idea is to test whether genomic regions uniquely bound 

by TF1 have significantly higher predicted TF1/TF2 ratio than genomic regions uniquely 

bound by TF2.   

4.4.9 Functional analysis 

Functional comparison analysis is achieved using GREAT. From all ETS probes tested in 

the gcPBM, we selected the probe sequences differentially preferred by Elk1 and Ets1, as 

defined by weighted regression using Elk1 vs. Ets1 occupancy score and 99% confidence 

interval of Elk1 replicate variance. Next we map these sites back to the genome. The 

genomic coordinates of selected regions are input and default association distance 

settings were applied when running GREAT analysis.  

4.4.10 DNA shape analysis 

The DNA shape profiles of differentially preferred sequences are predicted using (cite 

Remo). For graphical comparison of the shape profiles, differentially preferred sites are 

sorted according to the occupancy score of the preferred TF, and then split over 100 bins. 

Each bin represent the average DNA shape parameter of several DNA sequences at 

individual postions.  
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5. Conclusions 

Advances in high-throughput technologies for measuring TF-DNA binding in vitro and 

in vivo have revealed unprecedented insights into TF sequence preferences and how TFs 

achieve specificity in the cell. In the past few years, the ENCODE consortium and other 

research groups have published TF-DNA interaction datasets for thousands of TFs in 

different species, both in vitro and in different cell types (Badis et al., 2009; Consortium, 

2012; Jolma et al., 2010; Jolma et al., 2013; Wei et al., 2010; Weirauch et al., 2013; 

Weirauch et al., 2014). In accordance with the amount of data available, a number of 

statistical methods have been developed to model TF-DNA binding in vitro and in vivo 

(Bulyk et al., 2002; Mordelet et al., 2013; Riley et al., 2015; Slattery et al., 2014a; Weirauch 

et al., 2013; Zhao et al., 2012; Zhou et al., 2015).  

Despite the efforts from different research groups to characterize the DNA 

binding specificities of TFs, it remains unclear how individual TFs establish binding 

specificity and functional specificity in vivo, given the presence of paralogous TFs that 

share very similar DBD structure and high affinity for almost the same DNA sequences. 

TFs recognize DNA through a combination of direct readout, which includes 

hydrogen bonds between the protein and the DNA, and indirect readout, which 

includes a number of poorly understood mechanisms like different types of DNA shape 

recognition. Direct interactions utilizing hydrogen bonding establish strong and simple 

relationships between amino acids of the protein and bases of the DNA, whereas 
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indirect interactions between TF and DNA are much more subtle and complicated. 

Without a good understanding of how specific indirect readout mechanisms affect TF-

DNA recognition, it is almost impossible to study how indirect readout may contribute 

to the DNA binding specificity of paralogous TFs. 

Indirect readout is also known as shape readout, which include sequence-

dependent DNA structure and deformability. These readout mechanisms depend on 

deviations from the ideal B-form DNA structure, and can be further grouped into local 

shape readout, which characterizes DNA helix deviations in a localized manner, and 

global shape readout, which describes the case when most of the DNA-binding site is 

either deformed or in a non-ideal B-form conformation. Shape features have been 

proven important for TF-DNA recognition in a number of TFs. Still, how do different 

DNA shape features contribute to TF-DNA recognition is unexplored for most TFs. 

Recently, a high-throughput prediction method was developed, allowing quick 

prediction on 4 different DNA shape features for all DNA sequences (Zhou et al., 2013). 

In my work, I developed a quantitative method incorporating predicted DNA shape 

features into the positional SVR models, and I showed that this method is helpful in 

characterizing TF specificity in multiple ways. 

The most important advantage of shape-based models is that they can provide 

mechanistic insights into TF-DNA recognition, specifically for the four types of DNA 

shape features in the model. However, when we compare the performance of the shape-
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based models to our positional 1-mer, 2-mer, and 3-mer based models on a large number 

of TFs, the k-mer based models generally outperforms shape-based model. Some 

limitations of the shape-based models include: 1) We only have four types of DNA 

shape features that have high-throughput predictions available. Other DNA shape 

features that can also affect TF-DNA recognition cannot be studied using this model. 

Ideally this problem can be solved once we have a better understanding of the other 

shape features. 2) DNA shape is sequence dependent, and therefore k-mer based models 

implicitly contain DNA shape information and additional information that may also 

affect TF-DNA recognition. Therefore, for the studies presented in chapter 4, regarding 

modeling TF-DNA specificity for paralogous TFs, I focused on k-mer models, while 

recognizing that the observed influences of flanking sequences are likely exerted 

through DNA shape. 

Another contribution of my work to the field of regulatory genomics is that, 

using a combination of high throughput gcPBM assays and positional k-mer SVR 

models, I found that many paralogous TFs with indistinguishable PWMs can have 

difference in specificity, and such differences contribute to their differential genomic 

targeting. Paralogous TFs are considered to have identical specificity in many cases 

(Jolma et al., 2013; Weirauch et al., 2014). While some paralogous TFs in my study do 

share identical specificity, e.g. Runx1 and Runx2, many more paralogous TFs have 

subtle but important differences in specificity. My research emphasizes the importance 
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of intrinsic DNA binding specificity of TFs—an unappreciated mechanism--in the 

process of establishing distinct genomic targets between paralogous TFs. In addition, my 

research highlights the importance of moderate affinity sites, which usually are most 

important for differentiating the specificities of paralogous TFs. 

Additional work is required to fully understand how intrinsic specificity 

contributes to differential genomic targeting by paralogous TFs. First of all, my current 

work only includes 11 TFs from 4 structural families; more TFs in many more families 

can be included in order to learn how general my discoveries are across TF families. In 

addition, the functional importance of the moderate affinity sites that differentiate 

binding between paralogous TFs should be explored in more detail, facilitated by more 

high-throughput experiments and datasets. For example, what would be the effect on TF 

binding and biological functions when genetic mutations occur that change one 

moderate affinity TF1-preferred site into a TF2-preferred site? Most previous studies 

focus on the case where a mutation occurs disrupting a high affinity site for TF1 to very 

low affinity for TF1, ignoring the case when presence of paralogous TFs can also affect 

occupancy of the site and functional output. Future studies of the regulatory effects of 

non-coding variants should take into account the differential binding specificities of 

paralogous TFs. 
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