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Abstract

Recent advances in experimental and computational methodologies are enabling ultra-high
resolution genome-wide profiles of protein-DNA binding events. For example, the ChIP-exo
protocol precisely characterizes protein-DNA crosslinking patterns by combining chromatin
immunoprecipitation (ChIP) with 5 — 3’ exonuclease digestion. Similarly, deeply sequenced
chromatin accessibility assays (e.g. DNase-seq and ATACseq) enable the detection of protected
footprints at protein-DNA binding sites. With these techniques and others, we have the potential to
characterize the individual nucleotides that interact with transcription factors, nucleosomes, RNA
polymerases, and other regulatory proteins in a particular cellular context. In this review, we
explain the experimental assays and computational analysis methods that enable high-resolution
profiling of protein-DNA binding events. We discuss the challenges and opportunities associated
with such approaches.

Introduction

The central goal of transcriptional regulatory genomics is to understand how regulatory
molecules in the nucleus interact with chromatin and each other in order to drive a cell's
transcriptional program. Since thousands of distinct proteins, RNAs, and small molecules
can be active in the eukaryotic nucleus, it's not surprising that we still understand little about
the mechanisms underlying transcriptional regulatory systems. The first step towards
generating such understanding is cataloging the activities and genomic binding locations of
regulatory actors in transcriptional networks. Characterizing the DNA binding sites of
transcription factor (TF) proteins, for example, can provide insight into the genes that they
may regulate, or the regulatory proteins with which they may interact. However, we cannot
currently predict genomic binding locations from sequence features with any great accuracy,
and thus characterizing protein-DNA binding sites remains by necessity experimentally
driven.

Over the past fifteen years, assays based on transcriptome profiling, chromatin
immunoprecipitation (ChlP), or nuclease digestion (e.g. DNase | or MNase digestion) have
enabled genome-wide profiling of genome-associated biochemical processes in a given cell
population. The ability of these assays to produce a comprehensive picture of a given
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biochemical activity has been greatly facilitated by the advent of next generation sequencing
technologies. Individual experiments can now tell us the genome-wide distribution of RNA
production, chromatin accessibility, DNA methylation, or the localization of various
transcription factors, chromatin modifiers, co-activators, RNA polymerases, or histones (and
associated post-translational modifications like methylation, acetylation, phosphorylation,
ubiquitylation, or citrullination). Sequencing-based assays are even beginning to provide us
with insight into the three-dimensional organization of chromatin.

As regulatory genomics assays have proliferated and as access to data has been
democratized via databases like GEO and the Short Read Archive (Barrett et al., 2009;
Shumway et al., 2010), computational biologists are turning to the challenge of how to
integrate disparate data types into cohesive models of regulatory activity. Initial steps in this
direction have focused on describing correlative relationships between the genomic
distributions of various regulatory processes (Barski et al., 2007; Venters et al., 2011;
Dunham et al., 2012; Gerstein et al., 2012), and segmenting the genome into domains that
display particular patterns of coordinated activities (Ernst and Kellis, 2010; Hoffman et al.,
2012). Such efforts are ultimately motivated by a desire to discover how the various
regulatory factors interact with one another, and whether any higher-order patterns of
organization can be discerned.

Current models of regulatory organization are hampered by the relatively low spatial
resolution of current regulatory genomics assays. Fortunately, recent methodological
advances are providing unprecedented high-resolution profiles of protein-DNA binding.
New experimental techniques have increased the resolution of particular protein-DNA
interaction assays, while improved computational analyses have enabled increased
resolution from older assays. In this review, we survey current experimental and
computational methods that yield genome-wide protein-DNA occupancy profiles at single
base-pair resolution. We also discuss the opportunities and challenges associated with
building integrative models of regulatory organization from collections of high-resolution
data types.

ChIPing away at the epigenome

Chromatin immunoprecipitation (ChIP) has long been the most popular method for profiling
interactions between specific proteins and chromatin (Gilmour and Lis, 1984, 1985;
Solomon and Varshavsky, 1985). In ChlP, proteins are covalently crosslinked to DNA in
vivo, crosslinked chromatin is lysed and fragmented, and DNA attached to the protein of
interest is enriched using an appropriate immobilized antibody. After reversing crosslinks,
the resulting DNA can then be identified to assess where the protein is binding on the
genome.

ChIP-chip enabled the first genome-wide profiles of ChIP enrichment by hybridizing
immunoprecipitated DNA to microarray “chips” composed of DNA probes tiled across the
genome (Blat and Kleckner, 1999; Ren et al., 2000; lyer et al., 2001). The power of ChlP-
chip became swiftly apparent, for example by enabling genome-wide occupancy profiles for
hundreds of transcription factors in S. cerevisiae (Lieb et al., 2001; Lee et al., 2002;
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Harbison et al., 2004). However, two aspects of ChIP-chip limit the spatial resolution of
profiled protein-DNA binding events. Firstly, the fragmented, immunoprecipitated DNA has
a wide range of lengths, typically up to 1 Kbp. A positive hybridization result therefore tells
us that a protein-DNA binding event exists in the vicinity of the genomic locus represented
by one or more probes, but it does not tell us exactly which nucleotides are bound. Secondly,
the number of genomic locations that can be probed using ChIP-chip is inherently limited by
microarray design considerations, particularly the number of probes that a given microarray
platform can support. While later microarray platforms had sufficient numbers of probes to
enable tiling of fungal and smaller invertebrate genomes at 5-40 bp resolution, the
application of ChIP-chip to the larger vertebrate genomes had been a compromise of either
profiling a small selection of the genome (e.g. tiling of promoter regions or a previously
selected set of regions of interest) or using dozens of distinct arrays to profile the entire
genome at lower resolution.

The problem of poor genomic coverage was in principle solved by the advent of next-
generation sequencing platforms. By directly sequencing the ends of immunoprecipitated
fragments, ChlP-seq enables the genome-wide profiling of protein-DNA occupancy in a
single experiment (Albert et al., 2007; Barski et al., 2007; Johnson et al., 2007; Mikkelsen et
al., 2007). Early ChIP-seq studies demonstrated the assay's ability to profile the distribution
of transcription factors, histone modifications, and RNA polymerase across entire genomes
(Albert et al., 2007; Barski et al., 2007; Wang et al., 2008; Mikkelsen et al., 2007). The
technique was subsequently adopted by the ENCODE and modENCODE projects, resulting
in the generation of thousands of ChlP-seq experiments profiling numerous proteins in
various human, mouse, worm and fly cell types (Dunham et al., 2012; Gerstein et al., 2010;
Roy et al., 2010; Yue et al., 2014). ChlIP-seq has thus come to be the dominant assay for
characterizing protein-DNA binding on a genomic scale in vivo.

Current sequencing depths and protocol improvements are enabling production-scale
processing of ChIP-seq experiments (Blecher-Gonen et al., 2013). However, several
technical challenges remain to be optimized in the protocol. For example, ChlP-seq
experiments typically contain a large proportion of noise; i.e. sequenced reads that are either
produced from non-specific binding events or as the result of imperfect selection during
immunoprecipitation. This noise is not evenly distributed over the genome, and may be
biased towards accessible regions or highly expressed genes (Teytelman et al., 2013; Park et
al., 2013). Similarly, ChIP-seq and other sequencing assays can suffer from GC-content
biases (Benjamini and Speed, 2012) and artifactual accumulations of tags over copy-number
variants (Rashid et al., 2011). Since accumulations of noise tags may be misinterpreted as
true protein-DNA binding events, mitigating the effects of noise would appear to be a
critical challenge.

Whilst constituting a vast improvement over ChlP-chip, the spatial resolution of ChlIP-seq is
still limited. In the standard ChIP-seq protocol, DNA is randomly sheared by sonication to
produce DNA fragments in the size range of 200-500 bp. This results in a positional
mapping uncertainty of similar magnitude (Figure 1). As a consequence, ChlP-seq data
cannot typically resolve individual binding events within binding clusters; for example, if a
transcription factor binds to multiple closely spaced motifs, the resulting convolved ChlP-
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seq signals will often appear as a single ChlP-enriched region. As in ChIP-chip, then, ChlP-
seq signal accumulations point to regions that contain protein-DNA binding events, but not
the exact locations of the bound nucleotides.

The limited resolution in ChlP-seq might be acceptable for some studies. For example,
chromatin state analyses seek to characterize the diversity of co-occurring histone
modifications in a given cell population (Ernst and Kellis, 2010; Ernst et al., 2011). In these
studies, the analysis goal is to capture combinations of epigenomic signatures that occur
over the same region (e.g. histone modifications at the same or neighboring nucleosomes),
and some analysis approaches actually reduce the effective resolution of the profiled ChIP-
seq data by smoothing signals over wider windows (Ernst and Kellis, 2010). Similarly, one
may only be interested in listing the promoter and enhancer regions to which a given
transcription factor protein binds, or the transcription start sites and gene bodies that contain
RNA polymerases, and not the details of which exact nucleotides are directly bound.
However, deeper biological insight into the modes and mechanisms of protein-DNA binding
and gene regulation are made when we understand the precise interactions between various
regulatory proteins and the DNA. The current spatial resolution of ChlP-seq data severely
limits this goal.

Improving ChiP-seq's spatial resolution in silico

While ChlP-seg-enriched regions are typically several hundred base pairs wide, the
underlying protein-DNA binding event locations can be more narrowly determined using
computational methods. Intuitively, if fragmentation processes are relatively uniform over
the genome, we should expect binding event locations to appear near the center of each
ChlIP-enriched region. Indeed, the first generation of ChlP-seq “peak-finding” analysis
methods used the point of maximum local tag density (i.e. the peak “summit”) within each
ChiIP-enriched region as the estimated binding event location (Fejes et al., 2008; Zhang et
al., 2008; Valouev et al., 2008; Kharchenko et al., 2008) (Figure 2). Other early approaches
to defining ChlP-seq binding event locations from tag density information took advantage of
the expected bimodal distribution of ChlP-seq tags on opposite strands around binding
events (Albert et al., 2007; Kharchenko et al., 2008). In such methods, predicted binding
event locations can be defined as the midpoint between paired peak predictions from
opposing strands (Albert et al., 2007, 2008) (Figure 2), or relatedly, the position in the
centers of ChlP-enriched regions at which the sense and antisense tag densities are most
equally weighted (Jothi et al., 2008). More comprehensive discussions of ChlP-seq peak-
finding approaches and assessments of their relative performance are available from other
sources (Pepke et al., 2009; Park, 2009; Chen et al., 2012; Laajala et al., 2009; Rye et al.,
2010).

The assumption that tag density information can yield accurate binding positions is justified
in highly ChlP-enriched regions (i.e. containing large numbers of ChIP-seq tags) that arise
from single protein-DNA binding events. For example, in analyzing the most highly ChIP-
enriched regions in mammalian FoxAl and NRSF transcription factor ChlP-seq datasets, the
MACS peak-finder produces a binding event spatial resolution of 10-30 bp (as estimated
using the average distance from the predicted binding event location to the nearest cognate
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motif instance) (Zhang et al., 2008). However, the spatial resolution of standard peak-finders
degrades significantly in regions of weaker ChlP-enrichment or in regions containing
multiple binding events (where the tag distributions from each binding event overlap and
interfere with one another).

Several approaches enable the deconvolution of multiple nearby binding events within
ChiIP-seq enriched regions, thereby improving the resolution of individual binding event
locations (Lun et al., 2009; Guo et al., 2010; Zhang et al., 2011; Wang and Zhang, 2011;
Guo et al., 2012; Bardet et al., 2013; Gomes et al., 2014). Such approaches typically aim to
estimate a model of binding event locations that would best explain observed ChlP-seq tag
positions (Figure 2). For example, the GPS method (developed by one of us — S.M. —and
colleagues) conceptually imagines a model containing potential binding events at every
nucleotide on the genome (Guo et al., 2010). When GPS analyzes a particular ChlP-seq
experiment, the potential binding events in the model compete with each other to take
ownership of the observed ChlP-seq tags. Tags are probabilistically assigned to potential
binding event locations according to an empirical model of how tags should be bimodally
distributed around binding events. The shape of this empirical model is updated throughout
the training process, as are the relative strengths of the potential binding events. During
numerous iterative cycles, potential binding events that are not supported by sufficient
numbers of ChIP-seq tags are weeded out of the model, and GPS analysis results in an
accurate set of binding event location predictions. The machine-learning approach behind
GPS and similar methods yields significantly higher spatial resolution of individual binding
event locations, and can accurately deconvolve neighboring binding events that are at least
100 bp apart in ChIP-seq enriched regions (Guo et al., 2010).

Another advantage of the probabilistic approach to estimating binding event locations is that
such methods can incorporate supporting (i.e. prior) information into the search for the
precise binding event location. For example, the GEM method (also developed by S.M. &
colleagues) incorporates TF binding motif discovery into the discovery of binding event
locations, and uses a combination of ChlP-seq tag evidence and matifs to refine predicted
binding locations (Guo et al., 2012). In effect, GEM can center transcription factor binding
event predictions on appropriate cognate motif instances, depending on which motif
instances (if any) are supported by the observed tag evidence. GEM can thus theoretically
offer perfect resolution of binding locations for proteins that bind sequence-specifically and
in regions that contain recognizable instances of the cognate motif. Of course, it follows that
GEM's approach does not improve the resolution of binding events that do not correspond to
a recognizable sequence feature, including those bound by histones, chromatin remodelers,
transcriptional machinery, and even many sites bound by sequence-specific transcription
factors (Afek and Lukatsky, 2012; Afek et al., 2014). However, probabilistic binding event
estimation approaches with more limited resolution may still be productively applied to such
datasets (e.g. (Zhang et al., 2012)).

ChlP-exo improves on ChiIP-seq's spatial resolution

The ChlP-exo protocol (developed by one of us — B.F.P.) aims to experimentally improve
upon the resolution of ChlP-seq (Rhee and Pugh, 2011, 2012). ChIP-exo incorporates a step
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where lambda exonuclease is used to digest immunopurified DNA fragments in a strand-
specific 5 — 3’ direction. The exonuclease either digests background fragments that are not
crosslinked to a protein, or digests fragments until blocked by protein-DNA crosslinking
(Figure 1). The distribution of the resulting ChIP-exo tag 5 positions around binding events
is much sharper than that of ChiP-seq, thereby leading to more accurate predictions of
binding event locations. For example, in analyzing ChlP-exo data for the yeast transcription
factor Rebl, the vast majority of predicted binding events were within 5 bp of a cognate
motif instance (Rhee and Pugh, 2011).

In one recent demonstration that increased binding resolution can generate increased
biological insight, we (B.F.P. & colleagues) used ChIP-exo to characterize the organization
of individual histones in the yeast genome (Rhee et al., 2014). The increased resolution of
ChIP-exo allowed us to determine that the distribution of histone modifications over the two
halves of individual nucleosomes can be asymmetric with respect to the direction of
transcription. For example, H3K9ac and H2BK123Ub are preferentially enriched on the
promoter-proximal side of the +1 nucleosome, while the histone variant H2A.Z is
preferentially enriched on the promoter-distal side. Furthermore, by gaining subnucleosomal
resolution on the locations of individual histones, we found evidence for the existence of
half nucleosome structures, each containing single copies of the four histones.

As with ChlP-seq, the resolution of weaker ChlP-exo binding events can be further
improved by appropriate computational methods, although relatively few computational
analysis methods have yet been designed that are specifically optimized for ChIP-exo
analysis (Guo et al., 2012; Bardet et al., 2013; Wang et al., 2014). One immediate benefit of
applying binding event deconvolution methods to ChlP-exo data is a greatly increased
ability to discriminate between closely spaced binding events (Figure 3), which may be of
great relevance for the analysis of densely packed mammalian enhancer elements (Gotea et
al., 2010; Hardison and Taylor, 2012).

Aside from yielding higher resolution characterization of binding event locations, ChIP-exo
may provide types of insight into protein-DNA interactions that are not provided by ChlP-
seq. The distribution of ChIP-exo tag 5’ positions around binding events is determined by
the protein-DNA crosslinking points that block exonuclease activity, and can therefore be a
complex shape that is not necessarily bimodal or symmetric (Figure 4). Careful examination
of such distributions (either at individual sites or aggregated across many sites) can provide
insight into the organization of protein-DNA complexes. For example, we (B.F.P.) have
used analysis of ChIP-exo derived crosslinking patterns to characterize the relative positions
of general transcription factors in pre-initiation complexes (Rhee and Pugh, 2012), and the
organization of ISW2, SWRC and INO80 chromatin remodeler complexes on nucleosomes
(Yenetal., 2012, 2013). Two other recent ChIP-exo studies of glucocorticoid receptor (GR)
in human and mouse cells found a distinctive crosslinking pattern at a subset of sites that
contain binding motifs for forkhead-family TFs, thus suggesting that GR may bind DNA
through FOX proteins at these locations (Starick et al., 2015; Lim et al., 2015).

Detailed patterns of crosslinking points within a single binding event can be difficult to
interpret in the absence of structural information about the protein. However, when
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comparison can be made, crosslinking points are often found at the edges of protein-DNA
structures and between structures, where there is solvent accessibility (to allow
formaldehyde penetration) and transient base pair unstacking (to expose reactive amines).
Rarely are crosslinks found inside protein-DNA complexes, except where they induce base
unstacking, such as within transcription pre-initation complexes. Crosslinks arising from a
single binding event could be spread across a broad region (e.g., 100-200 bp), which may
occur if the protein interacts with other neighboring protein-DNA complexes and forms
crosslinks with them. This is best exemplified where chromatin remodelers bind to ~150 bp
nucleosomes plus ~70 bp of adjacent linker/promoter DNA. Such broad regions of
crosslinking are difficult to interpret in the context of linear DNA, but take on structural and
mechanistic significance when modeled in the context of a 3D structure of a nucleosome.

ChlIP-exo has already been used in yeast, mammalian, and bacterial genomes to precisely
locate the genome-wide binding locations of various sequence-specific transcription factors
(Rhee and Pugh, 2011; Starick et al., 2015; Serandour et al., 2013; Chang et al., 2014; Chen
etal., 2014; Wales et al., 2014; Carraro et al., 2014), chromatin remodelers (Yen et al.,

2012, 2013), transcriptional machinery components (Rhee and Pugh, 2012), and histones
(Rhee et al., 2014). However, some technical limitations have thus far prevented the
widespread replacement of ChIP-seq with ChlIP-exo. In particular, the additional washes and
digestion steps in the ChlP-exo protocol result in less complex DNA libraries compared with
ChlIP-seqg. Consequently, ChIP-exo is currently more prone to redundantly sequencing clonal
replicates of DNA molecules than ChlP-seq given the same amount of starting material.

The library complexity issue may be mitigated with further improvements to the Chl-Pexo
protocol. For example, the recently described ChIP-nexus protocol ligates both sequencing
adaptors onto one end of ChIP fragments in a single step (as opposed to two separate
ligation steps in the original ChlP-exo protocol) (He et al., 2015). Exonuclease digestion,
DNA self-circularization with circLigase, and restriction enzyme cutting between the two
adaptors creates the final library. By removing one of the relatively inefficient ligation steps,
ChlIP-nexus yields higher complexity libraries with the same resolution as ChlP-exo. One
concern is that circLigase activity might have sequence specificity (Kwok et al., 2013),
potentially creating bias in the identification of binding locations.

Tracing the footprints of protein-DNA binding interactions

Protection patterns from the actions of non-specific nucleases like micrococcal nuclease
(MNase) and deoxyribonuclease | (DNase I) have long been used to characterize protein-
DNA binding events with native chromatin (Pirrotta, 1973; Noll, 1974; Galas and Schmitz,
1978). DNase | footprinting, for example, characterizes which nucleotides in a given
sequence are protected from DNase | cleavage by a protein-DNA binding event (Galas and
Schmitz, 1978). With the advent of high-throughput sequencing technologies, MNase and
DNase I have been used to profile genome-wide distributions of nucleosomes and
nucleosome-depleted regions, respectively. Now MNase-seq, DNase-seq, and other assays,
combined with the high sequencing depths provided by current sequencing platforms, are
enabling the detection of subtle protection footprints at individual protein-bound locations
across the whole genome. These types of assays differ from ChIP-based assays in that they
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report on native protein-DNA structures in addition to binding locations, but do not
explicitly identify the bound factor. In ChIP assays, ChlP-seq captures locations but not
structure. ChIP-exo captures both, to the extent that native crosslinking points reflect native
structures.

MNase-ChlIP-seq was arguably the first genome-wide high-resolution protein-DNA binding
assay, albeit restricted to the characterization of nucleosome positions (Figure 1) (Albert et
al., 2007). MNase cleaves unoccupied DNA and so digests linker DNA between proteins
(nucleosomes and/or transcription factors). In principle, selection of nucleosome-sized
MNase-digested fragments (147 bp), either biochemically or biocinformatically, offers a
simple straightforward method of mapping nucleosomes. However, non-nucleosomal
complexes may also create MNase-resistant fragments in the same size range, which might
erroneously be interpreted as nucleosomes. Histone ChlP, size selection (either
biochemically or bioinformatically), along with paired-end sequencing, offers a very precise
mapping of stable nucleosome positions (Jiang and Pugh, 2009; Wal and Pugh, 2012). Even
higher-resolution characterization of nucleosome locations can be achieved using site-
directed hydroxyl radicals to cleave DNA at the center of nucleosomes (Brogaard et al.,
2012), although this approach requires the construction of strains that incorporate cysteine
into position 47 on histone H4.

In contrast, the DNase-seq assay is typically used to profile regions of accessible chromatin
along the genome (Crawford et al., 2006). DNase | preferentially cleaves DNA in
nucleosome-depleted regions, resulting in broad accumulations of DNase-seq tags in
promoter, enhancer, and insulator regions. A recently proposed assay with a similar effect is
ATAC-seq, which profiles transposase-accessible chromatin and which requires much less
input material than DNase-seq (Buenrostro et al., 2013). ATAC-seq is based on the action of
a Tnb transposase that simultaneously fragments chromatin and tags ends with sequencing
adaptors (also known as “tagmentation” (Adey et al., 2010)). Tn5 preferentially targets
accessible chromatin, and thus amplifiable DNA fragments are preferentially located in
regulatory regions in a similar distribution to that observed in DNase-seq.

Sufficiently high sequencing depths allow signatures of local enzyme protection (i.e., a lack
of mapped tag 5’ ends, surrounded by an enrichment of tags) to be detected over
transcription factor binding sites in MNase-seq (Kent et al., 2011; Henikoff et al., 2011),
DNase-seq (Hesselberth et al., 2009), and ATAC-seq (Buenrostro et al., 2013) data (Figure
1). When the signals occurring over many binding sites for the same transcription factor are
aligned and aggregated, protection patterns often reflect the pattern of protein-DNA
contacts. For example, the aggregated DNase | cleavage pattern across hundreds of yeast
Reb1 binding sites displays a protection pattern over a contiguous window of approximately
11 bp, centered on the major groove bound by this Myb-domain TF (Hesselberth et al.,
2009). While protection footprints are clear in aggregate, they are difficult to detect at
individual sites. Therefore, computational methods should be applied to individual footprints
to discern binding events from sequence-based DNase-resistance.

Computational analyses of DNase | footprinting are typically reliant on transcription factor
binding motifs. In some approaches, footprints are detected as local sites of DNase-seq tag
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depletion (Hesselberth et al., 2009; Neph et al., 2012; Chen et al., 2010; Boyle et al., 2011).
The sequences at predicted footprints are then compared against known TF binding
preferences (from databases such as JASPAR (Mathelier et al., 2014), UniPROBE (Hume et
al., 2014), or CIS-BP (Weirauch et al., 2014)) in order to predict which proteins might bind
at the footprint. An alternative approach first starts with known motifs, and predicts which
motif instances on the genome may display the characteristics of a DNase I-protected
footprint (Pique-Regi et al., 2011; Sherwood et al., 2014). The reliance of current DNase |
footprinting methods on sequence motifs means that analyses are typically focused on sites
bound by sequence-specific transcription factors. However, this is far from a narrow
application. For example, DNase | footprinting analyses performed by the ENCODE project
resulted in 8.4 million predicted footprint sites, many of which were predicted to correspond
to known motif instances or instances of hundreds of de novo discovered motifs (Neph et al.,
2012).

DNase | footprinting analyses have raised the possibility that nearly all TF binding locations
in a given cell type can be characterized in a single experiment. However, recent studies
indicate that there may be a substantial false positive rate. One concern centers on the
intrinsic sequence biases of DNase | and other nucleases (He et al., 2014; Sung et al., 2014),
which may produce false protection footprint signatures over sites with a particular sequence
composition. For example, according to one study (He et al., 2014), some of the novel
motifs predicted via DNase | footprints by Neph, et al. (Neph et al., 2012) may actually
result from such intrinsic DNase | biases. Cleavage biases may be mitigated to some extent
by comparative analysis against a control experiment on naked DNA and by using
computational methods that account for the sequence bias (He et al., 2014; Yardimci et al.,
2014). Differential DNase-seq analysis across conditions may also implicitly control for
sequence biases (e.g. (He et al., 2012; Sherwood et al., 2014)). Performing footprinting
experiments with multiple distinct nucleases (e.g. benzonase or cyanase) may be an
alternative strategy for mitigating biases in the future (He et al., 2014). One further concern
with footprinting approaches is that not all TFs may produce detectable footprints. In
particular, TFs with short residence times may not produce footprints at bound motifs (Sung
etal., 2014).

While highly informative for characterizing a wide swath of regulatory sites in the genome,
footprinting approaches cannot provide an unambiguous characterization of the global
transcriptional regulatory network. Aside from the methodological caveats noted above, it is
difficult to assign a particular TF to individual footprinting sites. Many TFs that share a
DNA binding domain structural class will bind to similar motif patterns (Sandelin and
Wasserman, 2004; Mahony et al., 2007), and numerous TFs from particular structural
classes may be expressed in a given cell type. Therefore, confirming which TF binds to
which footprint requires cross-referencing with data from ChIP-based assays.

Characterizing the transcriptional machinery in high-resolution

Characterizing the locations, transcriptional status, and dynamics of RNA polymerase (Pol)
Il along the genome is critical for developing a complete understanding of gene regulation in
a given cell type. ChIP-seq can tell us where Pol 11 crosslinks to the genome, and antibodies
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that target specific Pol Il carboxy terminal domain (CTD) post-translational modifications
can tell us something of Pol IlI's aggregated transcriptional dynamics over a gene. For
example, Pol Il CTD serine 5 phosphorylation is correlated with sites of transcriptional
initiation, whereas serine 2 phosphorylation is correlated with regions of transcriptional
elongation (Palancade and Bensaude, 2003). However, Pol I ChIP-seq cannot definitively
tell us if detected sites of Pol 11 ChIP enrichment represent polymerase that is
transcriptionally engaged as opposed to being localized in a non-engaged state, nor can it
characterize the direction in which a given transcriptionally-engaged polymerase is
traveling. Several assays are enabling the characterization of transcriptionally engaged Pol 11
and associated transcriptional machinery at high resolution.

One set of approaches for characterizing the locations of transcriptionally engaged Pol 11
molecules focuses on isolating newly synthesized or nascent RNA transcripts. The 3’ end of
a nascent RNA corresponds to the last base added to the transcript, and hence sequencing
nascent RNA 3’ ends should provide single base resolution of RNA polymerase locations
and the direction in which transcription is proceeding. To isolate nascent RNA, the native
elongating transcript sequencing approach (NET-seq (Churchman and Weissman, 2011))
relies on immunoprecipitation of Pol 1 and sequencing the attached RNA. An alternative
approach relies on stable binding of Pol |1 to the insoluble chromatin, whereby the attached
nascent transcript is separated away from the more soluble bulk RNA (Weber et al., 2014).
Both approaches have been used to characterize the interplay between nucleosomes and
transcriptional pausing, and conclude that the +1 nucleosome is a strong barrier to
transcriptional elongation (Churchman and Weissman, 2011; Weber et al., 2014).

NET-seq reveals the locations of chromatin-associated Pol 11, but cannot distinguish
between arrested and transcriptionally competent polymerases. Precision nuclear run-on
sequencing (PRO-seq) enables single base resolution of transcriptionally competent Pol |1
genome-wide (Kwak et al., 2013) (Figure 1). PRO-seq derives from the global run-on
sequencing assay (GRO-seq (Core et al., 2008)). In GRO-seq, newly synthesized transcripts
are labeled with bromouridine by incubating cells with bromouridinetriphosphate under
conditions that prevent additional Pol Il initiation events. PRO-seq achieves single base-pair
resolution by incorporating single biotin-labeled nucleoside triphosphates (NTPs), which
prevent further elongation of Pol Il. After affinity purifying and sequencing the 3’ ends of
RNA fragments, tag signals show the positions and traveling directions of transcriptionally
competent Pol Il. Sequencing from the 5" ends of 5’-capped RNA fragments enables precise
mapping of Pol Il initiation locations; relevant protocols include cap analysis gene
expression (CAGE (Shiraki et al., 2003)) and variants that derive from GRO-seq (i.e. GRO-
cap (Kruesi et al., 2013; Core et al., 2014)) and PRO-seq (i.e. PRO-cap (Kwak et al., 2013)).
Kwak, et al. have used PRO-seq to characterize the locations of promoter proximal Pol 11
pausing, and to demonstrate that Pol Il also accumulates at intron-exon junctions and over 3’
polyadenylation sites (Kwak et al., 2013).

As an alternative to profiling Pol 11 positions via the nascent transcript, the permanganate-
ChlIP-seq assay (also developed by B.F.P. & colleagues) enables genome-wide detection of
transcription bubble locations (Li et al., 2013) (Figure 1). Permanganate oxidizes thymine
residues in single stranded DNA (Giardina et al., 1992). In permanganate-ChIP-seq,
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formaldehyde crosslinked chromatin is treated with permanganate and sheared DNA
fragments are immunoprecipitated using a Pol Il antibody. By using piperidine to cleave at
oxidized thymines and ligating sequencing adaptors to the fragment ends, the 5’ ends of
sequencing reads should be located at thymine nucleotides within the transcriptional bubble.
Li et al. have used permanganate-ChIP-seq to profile transcription bubbles along the
Drosophila genome, determining that thymine reactivity was highly enriched 20-60bp
downstream of TSSs at sites of Pol 11 pausing (Li et al., 2013). The lack of thymine
reactivity at the TSS suggested that Pol 11 rapidly moves into a transcriptionally engaged
paused state after PIC assembly.

Gaining a higher-resolution understanding of TF-DNA binding specificity

Current computational approaches cannot accurately predict from sequence features alone
which genomic sites will be bound by a particular transcription factor. Standard
representations of a given TF's cognate binding motif will typically predict hundreds of
thousands of potential high affinity binding sites along a mammalian-scale genome, and yet
only a small fraction of these sites appear to be bound under any given cellular context
(Wasserman and Sandelin, 2004; Wunderlich and Mirny, 2009). Conversely, for many TFs,
a large fraction of ChIP-enriched locations do not appear to contain any match to the TF's
cognate motif (Afek and Lukatsky, 2012; Afek et al., 2014; Worsley Hunt and Wasserman,
2014). Part of this lack of predictive power undoubtedly stems from cell-specific
interactions with chromatin structure and other regulatory proteins, which restrict some
locations from being bound while promoting binding at others (John et al., 2011; Guertin et
al., 2012; Mahony et al., 2014). Similarly, not all ChIP-enriched locations represent true
direct TF binding sites. However, the models used to represent TF binding preference may
also create substantial false positive and false negative binding site predictions. Over the
past few years, high-throughput in vitro TF-DNA binding assays have brought our
understanding and our representations of TF-DNA binding specificity into sharper focus.
While we summarize the main trends here, these themes are more comprehensively
surveyed in a recent review by Slattery, et al. (Slattery et al., 2014).

The first high-throughput assay to enable truly comprehensive mapping of a TF's DNA
binding preference was the universal protein binding microarray (PBM) (Berger et al.,
2006). PBMs rely on microarrays whose probes are cleverly designed to incorporate every
possible 8-mer sequence multiple times. By measuring the degree to which a purified TF
protein (or just the TF's DNA-binding domain) binds to each probe on the microarray,
computational analysis can reconstruct the preference of the TF for every possible 8-mer
sequence. Similarly motivated sequencing-based assays that measure a protein's binding
preferences in a library of randomized DNA include Bind-n-Seq (Zykovich et al., 2009) and
HT-SELEX/SELEX-seq (Zhao et al., 2009; Jolma et al., 2010). Recently, in vitro binding
assays have moved to reintroduce the genomic sequence context that a TF reads around its
binding sites, either by basing PBM probes on real genomic sequences (the genomic-context
PBM (Gordan et al., 2013)) or by immunopurifying and sequencing naked DNA fragments
that are bound by the TF (PBseq (Guertin et al., 2012)).
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In vitro binding assays have greatly informed our understanding of TF binding specificity.
For example, these assays have demonstrated the extent to which highly related TFs from
the same structural class can have differing sequence affinities. In vitro binding analysis of
numerous homeodomain TFs has shown that while related TFs often share a core high-
affinity sequence preference, individual family members can have specific preferences for
lower-affinity sites (Berger et al., 2008; Noyes et al., 2008). Related work in the ETS TF
family has shown that these minor differences in in vitro binding specificity correlate with
binding selectivity in vivo (Wei et al., 2010). In vitro binding assays have also demonstrated
that regions flanking the core sequence motif may contain information that strongly
contributes to TF binding affinity (Nutiu et al., 2011; Gordan et al., 2013). In particular, the
DNA structure (or “shape”) in these flanking regions may be critical for binding recognition
for some TFs (Gordén et al., 2013), an observation which has also been made from analysis
of solved TF-DNA structures (Rohs et al., 2009).

Given the observed subtleties in TF in vitro binding preferences, it has become clear that our
models of TF binding preference are inadequate. The standard representation of TF binding
preference is the position weight matrix (PWM), which is a probabilistic representation of
the relative occurrence of each nucleotide at each position in an alignment of the TF's
observed binding sites (Berg and von Hippel, 1987; Stormo, 2000). PWMs enable an
intuitive visualization of the TF's binding preference, and they can be constructed from a
small number of observed binding sites. However, it has long been recognized that PWMs
are imperfect representations of a TF's DNA binding preferences, particularly since they
assume that each DNA position contributes independently to the overall binding energy
(Benos et al., 2002). PWMs are often constructed using the most highly occupied sites (as
estimated by ChIP enrichment), and thus may not accurately represent low affinity sites that
a factor may bind when stabilized through other interactions. Therefore it is not surprising
that PWMs do not sufficiently capture a TF's various binding preferences as measured using
invitro binding assays (Weirauch et al., 2013).

Given the shortcomings of PWMs, and given the numbers of training sequences made
available by in vitro or ChIP-based in vivo binding assays, several more complex models of
TF binding preference have been developed (Weirauch et al., 2013; Zhou and Liu, 2008;
Ben-Gal et al., 2005; Sharon et al., 2008; Mathelier and Wasserman, 2013; Hooghe et al.,
2012; Agius et al., 2010). These models typically capture higher-order dependencies
between positions in the binding sites, and some also make use of additional features like
DNA shape (Gordan et al., 2013). The methods used to train and represent these models are
varied, and include Bayesian networks (Ben-Gal et al., 2005), Markov networks (Sharon et
al., 2008), hidden Markov models (Mathelier and Wasserman, 2013), random forest models
(Hooghe et al., 2012), and support vector machines (Gordan et al., 2013; Agius et al., 2010).
These models perform better than PWMs in many cases (Weirauch et al., 2013), but can be
complex to implement and typically don't lend themselves to intuitive visualization of the
features that are important for TF-DNA binding specificity. Therefore, the field as a whole
has not yet settled on an alternative to PWMs.

In addition to generating a better understanding of TF binding preferences, in vitro binding
assays are complementary to the high-resolution in vivo binding assays discussed in the rest
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of this review. In particular, genomic context in vitro assays can provide a baseline for
where a TF will bind in the absence of any chromatin effects, thus allowing some degree of
deconvolution between the sequence and chromatin determinants of binding selectivity
(Guertin et al., 2012). Similarly, in vitro binding assays can assess the effects on a TF's
binding preference of adding individual co-factors into the environment (Slattery et al.,
2011). However, and by definition, only high-resolution in vivo assays can determine where
a TF binds given all the regulatory actors in a cellular environment. Therefore, we expect
that future studies of TF-DNA selectivity will more closely integrate high-resolution data
from both in vivo and in vitro contexts.

Chromatin interactions: adding another dimension to protein-DNA binding

The high-resolution assays discussed thus far provide a one-dimensional view on protein-
DNA interactions; i.e. the locations that particular proteins bind along the linear genome.
However, the three-dimensional organization of chromatin is also thought to play a key role
in transcriptional regulation. For example, enhancers are thought to interact with target
promoters that are thousands to millions of base-pairs away in linear sequence space through
the creation of loops that bring distal regions into close spatial proximity. Similarly, distal
interactions between DNA-bound insulator proteins such as CTCF may lead to the creation
of higher-order domains of similarly regulated chromatin. Chromatin interaction assays are
providing a new window into the spatial organization of chromatin in the nucleus. These
assays do not yet provide high enough resolution to unambiguously characterize the protein-
DNA binding locations that mediate chromatin interactions, although protocol
advancements may soon enable such insight.

The Hi-C assay combines DNA proximity ligation and paired-end next-generation
sequencing to capture chromatin interactions genome-wide (Lieberman-Aiden et al., 2009).
The name “Hi-C” reflects that this assay is a genome-wide extension of chromosome
conformation capture (3C) assays that used proximity ligation to test chromatin interactions
between a small number of loci (Dekker et al., 2002; Dostie et al., 2006). In Hi-C,
crosslinked chromatin is cut with restriction enzymes, and the ends of digested DNA
fragments are marked with biotin before being ligated to proximal fragments. The
assumption underlying this procedure is that pairs of fragments from both sides of a long-
range chromatin interaction will be ligated together, as they would be expected to be
maintained in proximity to one another in solution via the crosslinked protein-DNA and
protein-protein contacts that mediate the chromatin interaction. Due to the low efficiency of
ligation, ligated fragments are affinity purified using streptavidin beads before sequencing.

Most Hi-C read pairs represent interactions between DNA fragments that are nearby one
another on the linear genome. Sequencing depth therefore limits the degree to which long-
distance interactions can be detected with statistical significance. For example, Lieberman-
Aiden, et al. limited their analyses to 1 Mbp resolution (i.e. they split the genome into 1
Mbp sized bins, and counted the pairs of Hi-C reads that linked each pair of bins)
(Lieberman-Aiden et al., 2009). Even at this very low resolution, the authors were able to
demonstrate that the human genome is split into many domains that interact with one
another in two distinct compartments (Lieberman-Aiden et al., 2009).
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One way to improve the resolution of chromatin interactions is to focus only on interactions
that involve a particular protein. The ChlIA-PET assay aims to do just this by performing
ChIP against a protein of interest before the biotin-labeled ligation step (Fullwood et al.,
2009). ChlA-PET can thus assay enhancer-promoter loops if the ChIP step is targeted
against Pol Il (Li et al., 2012) or an activating transcription factor (Fullwood et al., 2009), or
other types of loops mediated by CTCF (Handoko et al., 2011) or cohesin (DeMare et al.,
2013). While providing higher resolution than Hi-C for a limited set of chromatin
interactions, ChIA-PET does not necessarily provide high resolution on the exact protein-
DNA binding events that mediate the interaction. Since chromatin fragments cannot be size-
selected after the ChlIP step (and before proximity ligation), reads are distributed in 1-2 Kbp
windows around binding events.

Other studies have improved the resolution of Hi-C with greater sequencing depths and
protocol improvements (Dixon et al., 2012; Jin et al., 2013; Rao et al., 2015; Ma et al.,
2015). For example, the reliance on restriction enzymes in the original Hi-C protocol limits
the complexity of the ligated products and hence limits the resolution of the method. This
issue has recently been addressed by replacing restriction enzymes with DNase | to cut DNA
(Ma et al., 2015). Higher resolution Hi-C studies have found a layer of organization at which
chromatin is packaged into “topologically associated domains” (TADSs) of size ~1 Mbp
(Dixon et al., 2012). A recent higher resolution Hi-C study by Rao, et al. achieved 1 Kbp
resolution in one human cell type, and found that chromatin segregated into six
subcompartments, each associated with different combinations of histone modifications
(Rao et al., 2015). This study also characterized thousands of individual loop interactions
directly from Hi-C data. The cost of this increased resolution was in greater sequencing
depth requirements; 6.5 billion paired-end reads were required to achieve 1 Kbp resolution
on chromatin interactions.

As chromatin interaction assays yield higher resolution characterization of the loops and
domains that underlie chromatin organization, attention will inevitably turn towards the
protein-DNA binding events that mediate these topological patterns. No existing assay yet
enables high-resolution characterization of protein-DNA binding events alongside their
associated chromatin interactions. Challenges for the future therefore include asking how
best to integrate chromatin interaction assays with the high-resolution (one-dimensional)
protein-DNA binding assays described above, or whether computational algorithms can
improve the resolution of Hi-C-derived interaction points directly.

High-resolution datasets require retuned analysis methods

Intuitively, as the resolution of protein-DNA binding assays increase, computational
identification of binding events from the resulting data should become easier. This is true in
many ways; high-resolution assays are typically associated with higher signal-noise ratios,
and thus protein-DNA binding events “stick-out” more in such datasets. However, high-
resolution assays may also enable detection of subtler protein-DNA binding features, which
changes the computational challenges rather than removes them. Furthermore, assumptions
useful for analysis of lower resolution assays will not always be appropriate for newer data
types, so care should be taken to tune analysis methods to the properties of the particular
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assay at hand. Here, as an example, we will discuss properties of ChlP-exo that make
standard ChIP-seq analyses inappropriate. We expect that similar points also apply to the
analysis of other high-resolution datasets.

As we have seen above, ChlP-seq peak-finding often involves detecting some form of tag
accumulation midpoint within ChlP-enriched regions. To smooth and amplify local signals,
ChlIP-seq peak-finding methods and genome browser visualizations typically extend and/or
shift mapped ChlP-seq tags, and merge data from positive and negative strands. In higher-
resolution ChIP-exo data, only the 5’ position of each mapped tag matters, as this position is
typically 6 bp upstream of the crosslinking point that blocked exonuclease digestion.
Smoothing or extending ChlP-exo 5’ tag positions in any way obscures the locations of
crosslinking points and thus removes some of the resolution of this method. In particular,
plotting the entire length of mapped ChlP-exo tags (Serandour et al., 2013) (a common
practice in ChlP-seq analysis) lowers the effective resolution of the assay. Merging ChIP-
exo data across strands is similarly counter-productive. ChlP-exo binding event analysis has
thus far focused on detecting “peak-pairs”; i.e. pairs of sharp tag distributions from alternate
strands that are produced at the 5 borders of crosslinking points (Rhee and Pugh, 2011).
Detecting a pair of peak summits at the expected distance and strand orientation adds
confidence that a given tag accumulation was generated by a true ChlP crosslinking event,
but such analysis is impossible if strand information is thrown away.

A more subtle difference between ChlP-seq and ChlP-exo analyses centers on the
interpretation of ChlIP-enriched peak summits. In ChlP-seq, the peak summit locations
resulting from a given peak-finding analysis method are typically assumed to correspond to
predicted binding event locations — i.e. the nucleotides occupied by the assayed protein. In
ChlP-exo, the peak-pair midpoints represent crosslinking points, which may or may not
involve the actual nucleotides bound in the protein-DNA interaction. Crosslinking points are
most likely located near the edge of protein-DNA binding events, where bases and amino
acids are more solvent accessible and reactive. However, care should be taken not to
conflate ChIP-exo crosslinking points with only the borders of protein-DNA binding events
(Wang et al., 2014), as there is not always a 1:1 correspondence between them. For example,
the crosslinking position of H3 resides in linker regions between nucleosomes, ~80 bp from
the nucleosome center, where the core of histone H3 actually binds (Rhee et al., 2014).
Here, as in most cases, the crosslinking pattern makes clearer sense in the context of a
nucleosome structure, where the linker is spatially close to the nucleosome center and the
highly regulated amino terminal tail of H3.

A final point that may apply to many high-resolution protein-DNA binding assays concerns
the handling of sequencing reads that map to the same genomic coordinate. In a protein-
DNA binding assay dataset, there are a number of reasons that we may see multiple identical
reads aligned to the same 5’ base position: 1) They may result from expected enrichment
during sample purification (i.e. within a ChlP-enriched region); 2) Some DNA fragments
may be preferentially amplified by PCR (Aird et al., 2011) or over-enriched by assay-
specific biases (Teytelman et al., 2013; Yardimci et al., 2014; Park et al., 2013); 3)
Sequencing coverage may exceed the original number of independently obtained DNA
fragments (i.e. over-sequencing). Since ChlP-seq reads are spread over a relatively wide
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window, it is typically assumed that duplicate tags are predominantly caused by artifactual
effects (i.e. PCR biases or over-sequencing). Therefore, a common practice in analyses of
ChIP-seq and other assays is to ignore all tags that map to a given 5’ position above a certain
threshold (Zhang et al., 2008; Jothi et al., 2008; Pepke et al., 2009). As we have seen, the
tight distribution of reads around genomic events produced by ChIP-exo, DNase-seq, and
other high-resolution assays means that multiple reads should be expected to share the same
5/ position at true biological signals. Therefore, “de-duplicating” tags will throw away the
most important signals produced by such assays. Paired-end sequencing can help to clarify
which sequencing reads arise from truly identical DNA fragments, although this does not
solve the general problem completely. Adding degenerate barcodes to each fragment in the
initial library would more clearly resolve the source of duplicate reads, but this approach is
not commonly used in practice (He et al., 2015). No computational method yet allows
deconvolution of duplicate reads that arise from signals and artifacts, but it may be possible
to tackle this issue in the broader context of methods that assign sequenced tags probabilistic
weights to correct various biases (Rashid et al., 2011; Yardimci et al., 2014).

Concluding remarks and future directions

As protein-DNA binding assays move towards higher resolutions, it is worth reflecting on
the opportunities that such methods will bring. What can we gain from more accurate
genomic occupancy profiles of individual proteins in a given cellular population? As
discussed earlier, for some applications higher-resolution binding profiles may not yield
much further biological insight. For example, if the goal of an analysis is to merely list the
genes that a particular protein binds nearby, lower resolution protein-DNA binding assays
will suffice. However, high-resolution assays may enable forms of insight that current
analyses do not support, and building upon these additional forms of information will be a
key future challenge in regulatory genomics.

High-resolution protein-DNA binding assays may enable us to go beyond listing binding
locations, and towards characterizing protein-DNA interaction modes and subtypes. In many
of the high-resolution protein-DNA binding assays discussed above, the exact distribution of
sequenced tags around the binding event is determined by the form of the interaction
between the assayed protein and the binding site. For example, the locations of ChlP-exo
crosslinking points may vary according to how the protein is interacting with other proteins
in its vicinity. Careful analysis of ChlP-exo tag distribution patterns may therefore yield
insight into protein-DNA interaction modes as well as binding event locations. However, no
current computational analysis methods automatically characterize multiple tag distribution
patterns (representing distinct protein-DNA interaction modes) for a single assayed protein
using ChlP-exo.

Determining the fine-grained structure of enhancers and other genomic regulatory regions
will be another key application enabled by high-resolution assays. Genome segmentation
approaches have provided integrative analysis across many regulatory genomic experiments
from the same cell type (Ernst and Kellis, 2010; Hoffman et al., 2012, 2013), and in doing
so enable an annotation of genomic regions according to shared experimental signatures.
However, and as noted earlier, current genome segmentation methods operate at low spatial
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resolution by design. With higher resolution assays, could genome segmentation methods be
adapted to provide more fine-grained annotation of functional region subtypes and the
ordering of elements within regions like enhancers? Perhaps, but these state-based methods
may not be appropriate for modeling the types of ordering and spacing rules that may
potentially underlie enhanceosome organization. Previous approaches to discovering cis-
regulatory modules from sequence motif features tried to model ordering and spacing
constraints between motif features (e.g. (Zhou and Wong, 2004; Fu et al., 2009)). These
methods did not typically uncover syntax rules between the occurrences of TF binding motif
instances in enhancers, either because they were overwhelmed with unbound motif instances
or because enhancers may not require precise spacing between individual transcription
factors that do not directly interact with one another. Could cis-regulatory module discovery
techniques be productively applied to high-resolution binding event features instead of
sequence features? Alternatively, the most informative models of protein-DNA binding may
come from thermodynamically modeling the association between various regulatory actors
and chromatin (Wasson and Hartemink, 2009; Zhong et al., 2014), where such models could
be parameterized by high-resolution data. Ultimately, determining the best computational
approaches to explore and explain high-resolution protein-DNA binding data will inform our
understanding of the biophysical processes that guide gene regulation.
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Figure 1.
Outline of seven high-resolution protein-DNA binding assays, summarizing the main

protocol steps. Representative tag distribution profiles are taken from the following sources:
mouse CTCF ChlIP-seq tag 5’ positions (stranded) plotted around midpoints of the CTCF
motif (Chen et al., 2008); yeast Reb1 ChlIP-exo tag 5’ positions (stranded) plotted around
midpoints of the Rebl motif (Rhee and Pugh, 2011); Drosophila PRO-seq 5’ tag positions
(stranded) plotted around annotated gene TSSs (Kwak et al., 2013); Drosophila Pol |1
permanganate-ChlIP-seq 5 positions of tags that begin with a thymine (unstranded) plotted
around annotated gene TSSs (Li et al., 2013); yeast MNase-seq paired-end tag midpoints
plotted around +1 nucleosome positions (Whitehouse et al., 2007); human DNase-seq 5’ tag
positions (unstranded) plotted around CTCF-occupied motif midpoints (He et al., 2014);
human ATAC-seq 5’ tag positions (unstranded) plotted around CTCF-occupied motif
midpoints (Buenrostro et al., 2013). A color version of this figure is available online.
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Figure2.
Outline of three ChlP-seq binding event detection methods. Peak-finding methods (e.g.

MACS (Zhang et al., 2008)) typically either shift the ChIP-seq tag locations in a 3’ direction
by half the expected fragment length, or extend the length of the tag in a 3’ direction to be
equal to the expected fragment length. Tags from opposite strands are merged to construct
an unstranded tag density landscapes, and binding event locations are predicted from the
locations with maximum tag coverage within each region that contains a significant
enrichment of ChlP-seq tags (i.e. the peak summit). Peak-pairing methods (e.g. GeneTrack
(Albert et al., 2008)) build similar tag density landscapes, but retain strandedness
information and typically do not shift or extend the tag locations. Peak locations are
determined on each strand separately, and nearby peaks in the correct stranded orientation
within a given distance are paired together. Binding event locations are predicted from the
peak-pair midpoint locations. Probabilistic binding detection methods (e.g. GPS (Guo et al.,
2010)) aim to estimate the locations of binding events that could have given rise to the
observed ChlP-seq tag locations. These methods begin training with initial guesses of
binding event locations and a model of how tags are expected to be distributed around real
ChIP-seq binding events. During each training step, every ChlP-seq tag is probabilistically
associated with nearby binding events, depending on the distance between the tag and the
event location. Given these probabilistic tag assignments, binding event locations are
updated to achieve a better fit with their associated tags, and the model of how tags are
distributed around binding events is updated to reflect the accumulation of tags around all
current binding events. During the training process, binding events with few assigned tags
are weeded out of the model, and the process eventually converges to a set of final binding
locations. A color version of this figure is available online.
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Figure 3.

Space between simulated binding event pairs (bp)

GPS can deconvolve more closely spaced binding events in ChlP-exo data compared with
ChiIP-seq data. GPS was used to detect binding events in synthetic ChIP-seq and ChIP-exo
datasets. Synthetic data was generated by randomly simulating tag positions along a genome
(90% noise, 10% signal), where signal tags are distributed around predefined binding events
of various strengths. Of the simulated binding events, 4,000 were generated as single events
(located 50 Kbp away from another event) while 800 were simulated as pairs of events
within a certain distance of one another. Simulated signal tags are distributed around binding
event locations according to the CTCF ChlIP-seq or Rebl ChlP-exo 5’ tag distributions
presented in Figure 1. A color version of this figure is available online.
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Figure4.

ChlP-exo tags have various distributions around TF binding events, depending on the
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underlying crosslinking pattern. Three examples are shown based on yeast Rebl, mouse
FoxAl, and human p53 ChIP-exo datasets. A color version of this figure is available online.
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