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ABSTRACT
MENG NIU. De novo prediction of cis-regulatory modules in eukaryotic
organisms. (Under the direction of DR. ZHENGCHANG SU)

Gene regulation networks (GRNs) are the bases for virtually all biological
processes. To gain a global understanding of GRNs encoded in a genome, we first need
to identify in all the cis-regulatory elements (CREs) recognized by transcription factors
(TFs). In higher eukaryotes, CREs rarely work alone, instead, they regulate genes by
forming combinatorial patterns called cis-regulatory modules (CRMs). Thus finding
CREs as well as CRMs is the key to understanding GRNs in eukaryotes. However,
identification of CREs and CRMs is a highly challenging task due to their short length
and degeneracy while residing in long intergenic or intronic sequences. The recent wide
adaptation of chromatin precipitation followed by DNA sequencing (ChIP-seq)
techniques has churned out numerous datasets for locating CREs for TFs, providing an
unprecedented opportunity to decipher CREs and CRMs in a genome. In this
dissertation, we have developed a graph theory based algorithm DePCRM for genome-
wide de novo predictions of CRMs and CREs by integrating a large number of ChIP
datasets. Using this algorithm, we have predicted 1,108,018 and 5,186,520 CREs, and
115,932 and 807,365 CRMs in the Drosophila melanogaster and human genomes,
respectively, using all the ChIP-seq datasets available to us in the two organism. We
found that our predicted CRMs could recover more than 80% known CRMs, and that
both the putative CREs and CRMs were more conserved than randomly selected
sequences in both the genomes. Furthermore, trait-linked SNPs and DNasel

hypersensitive regions are highly enriched in our predicted CRMs in the human genome.
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Thus, we have provided so far the most comprehensive maps of CREs and CRMs in the
two genomes. Using the much larger number of human ChIP datasets, we also analyzed
the saturation trends of predicted CRE motifs and their combinatory patterns using an
increasing number of randomly selected datasets, datasets in different cell types and
datasets for different TFs. We found that the saturation trends started to be notable with
only a few datasets in each scenario. The results suggest ways to generate ChIP datasets
more cost-effectively in the future. Finally, we analyzed the conservation and variation of
the cis-regulatory systems between the two species. We found that although a large
portion of CRMs are conserved in their motif composition in the two species, their target
genes have been significantly changed. Thus, the majority of the GRNs have been

rewired during the evolution from D. melanogaster to humans.
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INTRODUCTION

With the development of the powerful computational and experimental methods,
we have gained a rather comprehensive understanding of genome-wide coding sequences
of all the sequenced eukaryotic organisms [1, 2]. By contrast, functional non-coding
sequences are only starting to be systematically studied due to the difficulties in their
characterization. In particular, accumulative data have indicated that non-coding
functional elements play a more important role in the adaptation of species to their
environments during the course of evolution than originally thought [3]. For instance,
comparative and functional genomics data now strongly support the long standing
argument that the differences between humans and chimpanzees stem from the
divergence in their regulatory elements rather than coding sequences [4-9]. Furthermore,
variations in non-coding regulatory regions are more likely to account for phenotypic
diversities among individuals of a given species than variations in coding sequences. For
instance, recent genome wide association studies (GWAS) have found that vast majority
of disease associated single nucleotide variations (SNVs) do not reside in coding
sequences, instead they lie in the non-coding sequences overlapping with chromatin
markers for non-coding regulatory regions [10-12].

In eukaryotic organisms, the transcriptional control elements including
promoters, enhancers, silencers and insulators mostly reside in the non-coding regions of
the genomes including intergenic sequences and introns; they along with epigenetic
remodeling machineries determine which protein or RNA-specifying sequences should
be transcribed for the cells under various physiological conditions [13]. All of these

functional elements are bound by more than one transcriptional factor (TF) to their
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individually recognized cis-regulatory elements (CREs) to perform their regulatory
functions. In other word, TFs are barely working alone, they cooperate with each other to
regulate the transcription process by binding to a group of CREs closely located within
promoters, enhancers, silencers and insulators. These groups of CREs are called cis-
regulatory modules (CRMs). The combinatorial use of a subset of the TFs results in a
large number of CRMs of different constitutions that account for the unique regulation of
each gene in the genome in different cell types, tissues, developmental stages and
physiological conditions. Thus it is critical to identify all CREs and their combinations in
the forms of CRMs, to elucidate dynamic GRNs in different cell types in the entire life of
the organism. However, our general knowledge of the locations of these CRE and CRMs
are still limited due to the difficulty to characterize them.

The difficulty in identifying CREs and CRMs by using the traditional
computational or experimental methods is mainly due to the short and degenerate nature
of their sequences as well as their usual locations within very long intergenic and intron
sequences [14]. Fortunately, the process is largely facilitated by the development of next-
generation sequencing (NGS)-base high throughput techniques including ChIP-seq [15-
17] [18], DNase-seq [19-21], FAIRE-seq [20], Hi-C and RNA-seq [22, 23]. However, it
remains a highly challenging computational problem to derive CREs and CRMs genome-
wide in large eukaryotic genomes using large volumes of datasets produced by these
techniques. For example, from a single ChIP-seq experiment for a TF in the human
genome, typically thousands to tens of thousands of peaks with lengths of a few hundreds
will be returned by the peak-calling tools such as PeakSeq or MACs [24, 25]. Hence, the

actual location of CREs with length of 6~20 bs still need to be identified by a motif-
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finding tool, which can be a nontrivial tasks. Researchers also have made efforts to
develop algorithms for CRM prediction, such as SpaMo [26], CPModule [27] and [28],
which are designed to identify CREs of cooperator TFs in a ChIP-seq dataset. However,
these algorithms do not integrate multiple ChIP-seq datasets, and cannot predict novel
motifs in CRMs, as they all depend on a library of known CREs such as TRANSFAC
[29] or JASPAR [30] to scan for possible cooperative CREs in binding peaks.

In this dissertation, we attempted to tackle this problem by developing an
algorithm for predicting CREs and CRMs by integrating a large number of ChIP datasets
in a genome. Using this algorithm, we have predicted comprehensive maps of CREs and
CRMs in the Drosophila melanogaster and human genomes with high accuracy judged
by a few criteria. Furthermore, we also addressed the question of how far we are from
obtaining a complete CRE and CRM map in the human genome and how to approach this
goal cost-effectively.

Finally, Drosophila melanogaster as one of the most studied model animal, shows
extensive conservation with humans at the levels of gene, pathway, organ and behavior
[31]. This conservation has helped researchers succesfully develop models for a variety
of human diseases [32-43]. However, these studies mostly focused on one specific tissue
or disease, thus we still lack a global perspective of conservation and variation,
especially, of the GRNs represented by TFs and their cognate CREs and CRMs and target
genes. Our predictions of the CREs and CRMs in the two genomes allowed us to conduct
a comprehensive comparison of the cis-regulatory systems in two species, and to provide
evidences of the CRM evolution from Drosophila melanogaster genome to human

genome.
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CHAPTER 1: DE NOVO PREDICTION OF CIS-REGULATORY ELEMENTS
AND MODULES THROUGH INTEGRATIVE ANALYSIS OF A LARGE
NUMBER OF CHIP DATASETS

1.1 Abstract

In eukaryotes, transcriptional regulation is mediated by interactions of multiple
transcription factors (TFs) with their respective specific cis-regulatory elements (CREs)
in the so-called cis-regulatory modules (CRMs) in DNA. Although the knowledge of
CREs and CRMs in a genome is crucial to elucidate gene regulatory networks and
understand many important biological phenomena, little is known about the CREs and
CRMs in most eukaryotic genomes due to the difficulty to characterize them by either
computational predictions or traditional experimental methods. However, the
exponentially increasing number of TF binding location data produced by the recent wide
adaptation of chromatin immunoprecipitation coupled with microarray hybridization
(ChIP-chip) or high-throughput sequencing (ChIP-seq) technologies has provided an
unprecedented opportunity to identify CRMs and CREs in genomes. Nonetheless, how to
effectively mine the large volumes of ChIP data to identify CREs and CRMs is a
challenging task.

We have developed a novel graph-theoretic based algorithm DePCRM for
genome-wide de novo predictions of CRMs and CREs using a large number of ChIP
datasets. DePCRM predicts CRMs by identifying overrepresented combinatorial CRE
motif patterns in multiple ChIP datasets in an effective way. When applied to 168 ChIP

datasets of 56 TFs from D. melanogaster, DePCRM identified 184 and 746
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overrepresented CRE motifs and their combinatorial patterns, respectively, and predicted
a total of 115,932 CRMs in the genome. The predictions recover 77.9% of known CRMs
in the datasets, 89.3% of known CRMSs containing at least one predicted CRE. We found
that the putative CRMs and CREs as a whole in a CRM are more conserved than
randomly selected sequences.

Our results suggest that the CRMs predicted by DePCRM are highly likely to be
functional. Our algorithm is the first of its kind for de novo genome-wide prediction of
CREs and CRMs using multiple TF ChIP datasets. The algorithm and predictions will
hopefully facilitate the elucidation of gene regulatory networks in eukaryotes. All the
predicted CREs, motifs, CRMs, and their target genes are available at
http://bioinfo.uncc.edu/mniu/pcrms/www/

1.2 Background

Since the completion of sequencing the first metazoan genomes in 1998 [44],
more than 311 important metazoan and plant genomes have been sequenced thus far [2],
and enormous efforts have been made to understand how biological functions and
diseases of these organisms including the humans can be explained by the genetic
information stored in the genome sequences. Although significant progress has been
made in the past 16 years, we are still far from the goal of understanding the biology of
metazoans and plants solely from their genome sequences [45]. In fact, it turns out that
interpreting a genome is more difficult and challenging than originally thought when a
few eukaryotic genomes including the human genome were first released [45, 46]. With
this recognition, the community has taken a more realistic approach by first identifying

all the functional sequence elements in the genomes [47-49]. These functional elements
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include transcribed sequences as well as transcriptional control elements, epigenetic
features, and regulatory elements acting at the RNA level post-transcriptionally. In
principle, while the transcribed sequences specify the potential part list in the cells in an
organism, including proteins, various types of RNAs and metabolites, the transcriptional
control elements including promoters, enhancers, silencers and insulators together with
epigenetic remodeling machineries, determine which protein- or RNA-specifying
sequences should be transcribed in each cell during development and under various
physiological conditions, thereby specifying the cell’s type during development and
specific physiological functions, as it is the dynamic interactions of these components in
a cell that determine the cell’s type and specific physiological functions [13]. Once these
functional elements are at least partially known, then we can move toward to the next
step to identify dynamic interactions among the functional sequence elements and their
products of proteins, RNAs and metabolites in different cell types in the entire life of the
organism.

In the past we have gained a good understanding of transcribed sequences,
particularly protein-coding sequences in numerous sequenced eukaryotic genomes thanks
to the development of powerful computational and experimental methods for their
characterization [50]. However, we have had only very limited understanding of
transcriptional control elements, particularly promoters, enhancers and silencers in
virtually all sequenced large eukaryotic genomes, even though these elements are as
important as the transcribed sequences for the functions of an organism [51-53]. More
specifically, promoters, enhancers and silencers are clusters of closely located cis-

regulatory elements (CREs) that are recognized by specific transcription factors (TFs)
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[54]. Thus, a CRE is also called a TF binding site (In this paper, we will refer to a set of
similar CREs recognized by the same TF as a motif). These clusters of CREs are also
called cis-regulatory modules (CRMs) [54]. The difficulty to identify CREs and CRMs
either computationally or experimentally is due mainly to their short and degenerate
nature while they mainly reside in very long intergenic or intronic background sequences
[14]. To further confound the problem, they can be very far away from the target genes or
even can be located on a different chromosome [55], making their characterization
extremely difficult by computational methods such as comparative genomics approaches,
although there are successful examples, in particular for developmental enhancers that
tend to be more conserved [56, 57].

However, in the past a few years, the development of a plethora of next-
generation sequencing (NGS)-based high throughput techniques has largely changed the
way to characterize CREs or even CRMs genome-wide in large eukaryotic genomes.
These techniques include ChIP-chip and ChIP-seq for locating CREs of a TF [15-17] and
various chromatin modification marks [18], DNase-seq [19-21] and FAIRE-seq [20] for
locating free nucleosome regions which tend to coincide with active CRMs, and Hi-C for
measuring the physical proximity of linearly distal DNA segments [22, 23]. In particular,
ChIP-seq techniques can potentially identify all possible (thousands to tens of thousands)
binding regions of a TF in a cell type, tissue or developmental stage. However, these
sequenced potential binding regions can be much longer than the CREs of the ChIP-ed
TF. Thus, peak-calling algorithms and tools have been developed to identify the binding
peaks in the potential binding regions. Even though the existing peak-calling algorithms

can narrow down CREs of a ChIP-ed TF to a certain regions, typically from a few
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hundred to a few thousand base pairs (bp) [58], they are still much longer than the typical
lengths of CREs, which are typically 6~16bp long. Hence, the actual locations of CREs
need to be identified by a motif-finding tool [59, 60]. Although a few new motif-finders
have been developed to analyze large sequence sets from ChIP-seq experiments, such as
seeder [61], Trawler [61, 62] , ChIPMunk [63], HMS [64], CMF [65], STEME [66],
DREME [67], DECOD [68], RSAT [69], and POSMO [70], they are typically used to
find the CREs of a ChIP-ed TF in a short region of sequences (~200bp) around the
binding peak summits in order to reduce the searching space and increase prediction
specificity in trading of sensitivity. Some of these tools [64, 70] use the locations of
binding peaks to help find the CREs of a ChIP-ed TF. Thus, only CREs of the ChIP-ed
TF are returned by these tools. However, CREs in higher eukaryotes rarely work alone.
Instead, they cooperate with one another by forming CRMs for combinatorial regulations
[54]. Tt has been shown that CREs of cooperative TFs of a ChIP-ed TF can be found in
the neighborhoods of the binding peaks of the ChIP-ed TF [26, 27, 71-73]. In this sense,
the information of CREs in a ChIP dataset is not fully explored by the majority of current
studies that were mainly targeted to identify the CREs of a ChIP-ed TF.

With the continuous drop in costs of NGS technologies, TF ChIP-seq is becoming
routine in numerous individual labs worldwide, and enormous ChIP-seq datasets are
being produced in many important metazoans and plants, in addition to the large amount
of ChIP data churned out by large consortiums such as the ENCODE [47, 74] and
modENCODE [48] projects aimed at identifying all the functional sequence elements in
the genomes of humans and the model organisms C. elegans [72] and D. melanogaster

[71, 75]. It 1s highly expected that very soon, at least one ChIP-seq dataset will be
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available in a certain cell type, tissue or developmental stage for the majority of TFs
encoded in the genomes through both these efforts. Since certain combinations of TFs are
often repeatedly used for regulating one or more groups (regulons) of genes in some cell
types, tissues and developmental stages [51], the increasing number of ChIP-seq datasets
contains a wealth of information about the combinatorial patterns of different TFs for
transcriptional regulation [71, 72]. Thus, it is now possible to predict the CRMs and
CREs genome-wide through integrating the information about co-occurrence of motifs in
a large number of ChIP-seq datasets for different TFs from different cell types, tissues,
developmental stages and physiological conditions. Although a few methods such as
SpaMo [26], CPModule [27] and [28], have been made to identify CREs of cooperator
TFs in a ChIP-seq dataset, they do not integrate multiple ChIP-seq datasets, and cannot
predict novel motifs in CRMs, as they all depend on a library of known CREs such as
TRANSFAC [29] or JASPAR [30] to scan for possible cooperative CREs in binding
peaks. Consequently, simple and approximate methods were often used to find motifs in
big ChIP datasets. For instance, in recent studies using the modENCODE [71] and
ENCODE [76, 77] datasets, only the top 250 and 500 binding peaks with a length of
100bp and 200bp, respectively, in each dataset were used to find motifs. Hence, the
wealthy information in the valuable ChIP datasets was not fully explored.

In this paper, we have developed a new algorithm DePCRM for genome-wide de
novo prediction of CREs and CRMs by identifying overrepresented patterns of motif
combinations in a large number of ChIP datasets in a sequenced eukaryotic organism.
When applied to the D. melanogaster genome using a total of 168 ChIP-chip and ChIP-

seq datasets for 56 TFs, DePCRM identified 184 CRE motifs and 115,932 CRMs,
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recovering 77.9% of known CRMs located in the datasets and 89.3% of known CRMs
containing at least one predicted CRE. Thus, the algorithm has achieved rather high
prediction accuracy even using this limited number of datasets.

1.3 Results

1.3.1 Basic Idea of the Algorithm

As TFs in eukaryotes tend to work together by binding to their CREs in CRMs
with a typical size of 500~3,000bp [78], we assume that although a ChIP experiment is
mainly aimed to identify the binding locations of the ChIP-ed TF, if we extend shorter
binding peaks toward the two ends to reach the typical size of CRMs (e.g., 3,000bp), then
extended binding peaks are more likely to contain the CREs of different cooperative TFs
in addition to the CREs of the ChIP-ed TF as illustrated in Figure 1.1. In other words, if
two different TFs (e.g. the red circle and black circle TFs in Figure 1.1.) cooperatively
regulate the same regulons in certain cell types by binding to their respective CREs in
CRMs, then their extended ChIP binding peaks from these cell types should overlap with
one another to some extent. Hence, if we have enough number of ChIP datasets for
different TFs from the same and/or different cell types, then the datasets are likely to
include overlapping binding peaks for cooperative TFs. Accordingly, our algorithm
predicts CRMs through identifying overrepresented co-occurring putative motif patterns
in a large number of ChIP datasets, ideally for different TFs in different cell types and

developmental stages.
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Figure 1.1. If the binding peak is shorter than 3,000bp, we equally extend from the two
ends to have a length up to 3,000bp. We assume that in addition to the CREs of the ChIP-
ed TF (red circle), CREs of different cooperative TFs (the other shapes) are also enriched
in the neighborhoods of at least some subsets of the binding peak dataset. Each line
represents an extended binding peak sequence.

More specifically, first, we identify all possible motifs in each of extended
binding peak datasets (Figures 1.2.A and 1.2.B) using a fast motif finder. Second, we find
overrepresented co-occurring motif pairs regardless of their distance in each of the
datasets, and call them co-occurring pairs (CPs) (Figures 1.2B and 1.2.C). Third, we
reason that if some highly similar CPs appear in multiple datasets, then all these similar
CPs are likely to be subsets of the motifs of two certain TFs that cooperatively regulate
regulons in different cell types or developmental stages, and therefore are likely to form
CRMs by themselves or to be a part of larger CRMs. We identify such repeatedly
occurring similar CPs in multiple datasets, and call them CP clusters (CPCs) (Figure
1.2.D). Presumably, each of the CPCs contains highly similar CPs for two certain TFs.

Fourth, to predict CRMs containing more than two CREs, we cluster CPCs if they tend to

co-occur in the same binding peaks (Figure 1.2.E). Each CPC cluster corresponds to a
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possible combination of their motifs to form a part of or an entire CRM dependent on the
sufficiency of the datasets, and thus we refer to them as CRM components (CRMCs)
(Figure 1.2.F). Finally, we predict individual CRMs across the genome based on the
motif pattern of the CRMCs and their close adjacency (Figure 1.2.G). Obviously, in order
to accurately predict CRMs genome-wide, we need to have a sufficiently large number of
diverse TF ChIP datasets, so that they likely include datasets for cooperative TFs in
different cell types and developmental stages. We expect that the more diverse the
datasets, the more accurate the predictions will be. The details of the algorithm are

described in Methods.
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Figure 1.2. A schematic of the major steps of the DePCRM algorithm. A. Illustration of
extended binding peaks from dataset d1, d2 and d3 respectively. B. Illustration of CREs
found within each dataset, CREs of the same motif are shown in the same shape and
color. C. Construction of CP similarity graph. [P1, P2, P3, P4], [P5, P6, P7] and [P8, P9,
P10] are sets of CPs found in datasets d1, d2 and d3 respectively. For clarity, the CPs
formed between motifs in P1 and motifs in P2 and so on in the datasets are not shown.
Each CP (represented as a rectangle) is a node of the multi-partied similarity graph, and
two nodes are linked by an edge if and only if their Ss >, with Ss being the weight,
which is not shown for clarity. D. By removing the dotted edges in panel C, MCL cuts
the graph into five CP clusters (CPCs): C1=[P1, P5, P8]; C2=[P2, P6], C3=[P3, P9] ,
C4=[P4, P7] and C5=[P10]. CPs in a cluster are connected by edges in the same color.
The singleton cluster C5=[P10] is discarded for its low density. E. For each pair Ci and
Cj from the four CPCs, we find sets of CPs from the same dataset dk, and compute a co-
occurring scores SCPC (Ci, Cj) for the two CPCs. F. Construction of the CPC co-
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(Continued) occurring graph using the four CPCs. Cutting the graph using MCL results in

two CRMCs, [C1,C2 ,C3] and [C4]. G. After merging motifs into Unique motifs
(Umotifs), we project the CREs of CRMCs to the genome and predict the CRMs.

1.3.2 Overlap of the Extended Binding Peaks of Cooperative TFs in the
Datasets

Since D. melanogaster has been long used to study gene transcriptional regulation
in metazoans, a relatively large number of its CREs and CRMs have been experimentally
characterized, and since a large number of ChIP-chip and ChIP-seq have been generated
in the organism in the last few years, we evaluated our algorithm in this organism. To this
end, we compiled a total of 168 ChIP-seq and ChIP-chip datasets for 56 distinct TFs,
collected at different developmental stages (embryo, larva stage 1-3, pupa and adult
female and male) and under different experimental conditions (heat shock and etc). More
specifically, 42 ChIP-chip and 42 ChIP-seq datasets were from the ModENDCOE project
[71, 75], 38 Chip-chip datasets were from the Berkeley Drosophila Transcription
Network Project (BDTNP) [79], and 46 ChIP-chip datasets were from literature.
Additional file 8: Table S1 summarizes the major features of the 168 datasets. As shown
in Figure 1.3A, the majority of the binding peaks have a length around 1,000bp, and only
0.62% of them have a length longer than 5,000bp, which were not used in our study due
to their low quality. Furthermore, if a binding peak is shorter than 3,000pb, we extended
it up to 3,000pb (Methods) in order to include CREs of possible cooperative TFs (Figure
1.1). The final datasets contain a total of 445,252 sequences, each individual dataset
containing 26 to 11,772 sequences (Figure 1.3B). These 445,252 sequences contain a
total of 1,183,049,646bp, which are 7.0 times of the genome (168,736,537bp), but only

cover 45.4% (76,555,033bp) of the genome (Table 1.1), indicating that some of these
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sequences highly overlap with one another, thus confirming our aforementioned
assumption. Of the 76,555,033bp genome sequence covered by the datasets,
64,033,300bp (86.3%) are in non-coding regions (NCRs, including introns and intergenic
sequences), consisting of 47.7% of NCRs (134,207,178bp) in the genome (Figure 1.3C
and Table 1.1). The remaining 12,521,733 (16.4%) sequences are in coding regions
(CDRs), consisting of 36.3% of CDRs (34,529,359bp) in the genome (Figure 1.3C and
Table 1.1). Thus we have included a considerable portion of CDRs in the datasets,
because some binding peaks are located in CDRs. Currently, there are 1,830 known
CRMs in D. melanogaster in the REDfly database [80], and 1,330 (72.7%) of which are
located in the extended binding peaks, indicating that the available datasets are biased to
the best-studied TFs in the organism. We will evaluate our algorithm for its ability to

recover these 1,330 known CRMs in the extended binding peaks.
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Figure 1.3. A. Distribution of the binding peak lengths in the 168 original datasets. Vast
majority (99.38%) of the binding peaks are shorter than 5,000bp B. Number of motifs
found in each of the 168 datasets as a function of the number of binding peaks the
datasets. C. Coverage of the datasets, predicted CRMs and CREs on the CDRs and NCRs
in the genome. The numbers above the lines are the proportions of the CDRs and NCRs
in the corresponding sequence categories; the numbers below the lines are the proportions
of CDRs and NCRs with respect to the entire CDRs and NCRs in the genome,
respectively.

To see the overlapping patterns of binding peaks upon which our algorithm is
based, we computed pair-wise overlapping scores (formula (1.1) in Methods) of the
extended binding peaks among the 168 datasets for the 56 TFs (Table 1.1), and clustered
the datasets using the overlapping scores. As shown in Figure 1.4, consistent with the
above analysis, there are significant overlaps among the binding peaks in even these
limited 168 datasets for only 5.3% (56/1,052) of the 1,052 annotated TFs encoded in the

genome (flytf.org). As expected there are overlaps among datasets of the same TFs

collected at differently developmental stages and/or under different experimental
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conditions, indicating that these TFs might function similarly under these circumstances.
For example, the datasets 2625 and 2626 from the ModENCODE project were collected
using the same TF Caudal (CAD) at the embryonic stages 0-4 hours and adult female,
respectively, and they have an overlapping score of 0.5. On the other hand, there are also
numerous overlaps among datasets of different TFs. Interestingly, the datasets of TFs that
are known to work cooperatively form clusters. The two highlighted boxes in Figure 1.4
show two examples of such clusters. The upper cluster is formed by the binding peaks for
TFs Medea (MED), Dichaete (D), Dorsal (DL), Twist (TWI) and Daughterless (DA). It
has been reported that DL and TWI cooperatively regulate the expression of Snail (SNA)
in the mesoderm of the embryo [81]. The lower cluster is formed by the binding peaks of
the global regulator CREB-binding protein (CBP), gap regulators Kruppel (KR), Giant
(GT), CAD and Hunch back (HB). It has been well documented that these TFs bind to
CRMs (enhancers/silencers) of genes involved in the segmentation process of early
embryogenesis of D. melanogaster [80]. To further evaluate the overlaps of the binding
peaks of distinct TFs, we analyzed the 56 out of the 168 datasets, each being for a
different TF (if there are multiple datasets of a TF, we selected the one with the largest
size), and the same conclusion can be drawn about the overlaps of the binding peaks of
different TFs. The similar results also were reported in the ENCODE datasets in D.
melanogaster [71] and human [82] datasets. Thus these results validate our assumption of
the overlaps of binding peaks, and indicate that the datasets might contain sufficient

information to predict at least portion of CRMs in the genome.
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Figure 1.4. A. Hierarchical clustering of the 168 datasets for 56 TFs based on their pair-
wise binding peak overlapping scores So. The blow-ups show two clusters for cooperative
TFs (see Results). B. The motifs of TFs KR and HB are both found in the overlapping

datasets GSM511084 Dmel-KR1 ChIP-ed by KR and GSM511081 Dmel-HB1 ChIP-ed
by HB.

1.3.3 Identification of Motifs in the Extended Binding Peaks

Our goal now is to identify in each of the extended binding peak datasets all
possible TF binding motifs of the ChIP-ed TFs as well as of its cooperative TFs (Figures
1.1, 1.2A and 1.2B). Because accurate motif-finding is still a notoriously difficult

problem [14, 83-85], to achieve this goal we consider all overrepresented motifs returned
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by DREME [67] in each extended binding peak datasets to maximally include possible
true motifs. As shown in Figure 3B, depending on the size and quality of the datasets, a
varying number (0~231) of motifs were found in each dataset. Particularly, in a total of
six datasets that generally contain fewer binding peaks and are of low quality (26, 26, 28,
28, 70 and 5,188 sequences, Figure 3B), none or only a single motif could be identified.
As no motif pairs can be formed in these datasets, they did not contribute to the final
CRE and CRM predictions. In other words, they were filtered out by the motif-finder. On
the other hand, putative CREs were found in the vast majority (99.98%) of the 439,886
extended binding peaks in the remaining 162 datasets, indicating that they were highly
enriched with motifs. In this sense, the motif finding step servers as a quality control to
filter out low quality datasets without the need of human involvement, conferring
additional robustness to the algorithm. The returned motifs from the 162 datasets for 56
TFs (no TF was eliminated by discarding the six datasets) generally have high
information contents (Figure 1.5A). Importantly, the known motifs of the ChIP-ed TFs
were found by DREME for 99 of the 168 datasets, and were generally ranked high by the
program, although they were usually not the top hit of DREME (Figure 1.5B), suggesting
that it is necessary to consider a sufficient number of returned motifs to include the true
ones. Moreover, when the datasets of different TFs have significant overlaps, we can
identify all the motifs of the ChIP-ed TFs in all the overlapping datasets. For instance, the
dataset GSM511084 for TF KR significantly overlaps with the dataset GSM511081 for
TF HB, and motifs highly similar to the known binding sites of KR and HB were found
in both the datasets (Figure 1.4B). Overall, we identified a total of 17,890 putative motifs

corresponding to 35,359,819 putative CREs in the 168 datasets. These 35,359,819
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putative CREs contain 275,857,398bp which are 1.6 times of the genome, but only cover
30.9% (52,078,901bp) of the genome, indicating that some of them still overlap with one
another. At least one putative CRE was found in 1,061 (79.8%) of the 1,330 known
CRMs in the sequences (Table 1.2). The failure to find CREs in the remaining 269
known CRMs in the datasets could be due to the fact that the CREs in these CRMs were
not enriched in the datasets. Nonetheless, these results strongly suggest that in addition to
the CREs of the ChIP-ed TFs, CREs of cooperative TFs, and thus at least partial CRMs
are highly enriched in the extended binding peaks. This conclusion is in agreement with
an early study based on 38 ChIP datasets in D. melanogaster [71] and also is supported

by two recent studies using human datasets [82, 86].
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Figure 1.5. A. Distribution of the information content of the predicted motifs in the
datasets. B. The rank of the ChIP-ed TF’s motif among the predicted motifs in the 99
datasets in which the motifs of the ChIP-ed TFs can be identified. The diamond on the
bar indicates the rank of the ChIP-ed TF’s motif among the predicted motifs in the
dataset. The higher the position of the diamond, the higher the rank of the target TF’s
motif.
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1.3.4 Prediction of CRMs by Iteratively Enriching Repeatedly Used Motif
Combinatorial Patterns

Clearly, as we used a rather loose stringency in motif finding to maximally
include true motifs, there are inevitably a large number of spurious predictions in the
17,890 putative motifs identified in the datasets. Thus, our algorithm takes these 17,890
putative motifs as the input, and predicts CREs and CRMs by iteratively enriching
repeatedly used motif combinatorial patterns though gradually filtering out spurious ones.
Specifically, DePCRM first identifies highly co-occurring motif pairs (CPs) in each
dataset by computing a co-occurring score (Sc) (formula (1.2)) for each pair of putative
motifs found in each dataset (Figures 1.2C). As shown in Figure 1.6A, the distribution of
S. is strongly skewed toward right, indicating that there are multiple components of the Sc
values. The left low-scoring component can be well fitted to a Gaussian distribution with
a mean and standard deviation 0.19 and 0.0043, respectively. The motif pairs accounting
for this component are more likely to co-occur by chance, and thus, they are likely
spurious motif pairs. On the other hand, the right high-scoring portion of the distribution
is more likely to attribute to true cooperative motif pairs. To find the Sc cutoff o by which
a maximal number of motif pairs occurring by chance are filtered out while a maximal
number of possible true motif pairs are kept, we plotted the proportion of the motif pairs
with a Sc > o as a function of a. As shown in Figures 1.6A and 1.6B, when o =0.7,
1,303,701(1,303,701/1,308,592=99.6%)  motif  pairs  and 16,301 motifs
(16,301/17,890=91.1%) were filtered out, while putative CREs in only 20 (1.8%) the
known 1,061 CRMs containing predicted CREs were completely left out. Thus we
selected the motif pairs with Sc > o =0.7 as CPs for further analysis, thereby discarding

the vast majority of presumably randomly occurring motif pairs (99.63%) and motifs
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(91.12%). This results in 4,891(4,891/1,308,592=0.4%) CPs containing 1,589
(1,589/17,890=8.9%) motifs (Table 1.2) for further analysis, which are presumably

enriched for true motif pairs and motifs.
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Figure 1.6 A. Distribution of co-occurring scores Sc of the motif pairs found in the 168
datasets. The curve is a fitting of the left portion of the distribution to a Gaussian
distribution N(p = 0.19, 6 = 0.067). B. The remaining proportions of predicted motifs and
known CRMs as functions of the Sc cutoff a. The vertical line indicates the position of
the chosen cutoff o = 0.7 for selecting co-occurring motif pairs (CPs).

To further enrich true motif pairs and motifs, the algorithm identifies repeatedly
used CPs by clustering highly similar CPs in different datasets. To this end, we computed
a similarity scores Ss (formula (1.3)) for each pair of CPs, each from two different
datasets; and then constructed a CP similarity graph based on an Ss cutoff value g (Figure
1.2C). As shown in Figure 1.7A, with the increase in B, the density of the graph drops
rapidly, but the dropping starts slowing down around p =1.36; meanwhile the number of
nodes (CPs) in the graph starts decreasing rapidly around B =1.36 (Figure 1.7B). Thus,
we set [] =1.36 to construct the CP similarity graph (Methods). Applying the Markov

chain clustering (MCL) algorithm [87] to the graph (Figure 1.2D) resulted in 951 CP

clusters (CPCs) containing 2,842 (2,842/4,891=58.1%) CPs and 1,376 (1,376/1,589
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=86.6%) motifs (Table 1.2). Thus we further filtered out 2,049 (2,049/4,891=41.9%) CPs

and 213 (213/1,589=13.4%) putative motifs.
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Figure 1.7. A. The density of the CP similarity graph drops rapidly with the increase in
the Ss cutoff B, but the trend of decrease slows down around B =1.36. B. The number of
CRM in the graph also starts to drop rapidly around B=1.36. Thus we set g = 1.36 for
construing the final CP similarity graph. C. The distribution of CPC co-occurring scores
Figure 1.7(Continued) Scrc are well separated into a low-scoring component and a high-
scoring component. The vertical line indicates the Scec cutoff y = 0.69 at the deepest
valley between the two peaks, for constructing the CPC co-occurring graph.

Next, to identify larger repeatedly used motif patterns, we computed a co-
occurring score Scec (formula (1.5)) for each pair of CPCs across the datasets in which
both the CPCs have motifs. Interestingly, as shown in Figure 1.7C, the Scec scores
display a well-separated bimodal distribution, and the low-scoring peak is likely mainly
due to random motif patterns, while the high-scoring one is more likely attributable to
truly cooperative motifs, thus we considered CPC pairs with an Scec 2y = 0.69 (at the

valley between the two peaks) for further analysis. Applying the MCL algorithm to the

resulting CPC co-occurring graph (Figures 1.2D and 1.2E, Methods), gave rise to 815
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CRM components (CRMCs) containing 937(937/951=98.5%) CPCs,
2,807(2,807/2,842=98.8%) CPs and 1,316 (1,316/1,376=95.6%) motifs (Table 1.2). The
compositions and structures of these 815 CRMCs are shown in Figure 1.8, each
containing 1~9 CPCs. Overall, 16,574 (92.6%) of the original 17,890 input motifs were
filtered out by the algorithm (Table 1.2), suggesting that at least the vast majority
(92.6%) of the putative motifs found in the datasets are spurious predictions.
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Figure 1.8. Structures of the 815 CRMCs. Each node in graphs is a CPC, and each
connected graph represents a CRMC.

As expected, some of the resulting 1,316 motifs found in different datasets are
highly similar and often overlap with one another as demonstrated by the examples
shown in Figure 1.4B. They are likely recognized by the same TFs or closely related

ones, thus need to be combined into non-redundant and unique ones. To this end, we
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iteratively clustered the final 1,316 motifs based on their similarities (Method), resulting
in 184 clusters. We consider each cluster as a unique motif and refer to it as a Umotif,
each containing 1 or 2~108 highly similar motifs and 255~88,702 CREs (Figure 1.9,
Table 1.3). When compared with the known motifs in multiple built-in databases
including DMMPMM, iDMMPMM, flyreg and fly factor survey using TOMTOM [88-
91], 111 (60.3%) of the Umotifs are highly similar to known motifs in D. melanogaster at
p<0.001 (Supplementary file 1), strongly suggesting that they are likely to be true motifs.
Examples of such Umotifs, their constituent motifs and the known motifs hit are shown
in Figures 1.10A and 1.10B. The rest 73 Umotifs that does not resemble any known motif
might be novel ones. Examples of such Umotifs, their constituent motifs are shown in
Figures 1.10C and 1.10D. Furthermore, 106 (29.4%), 203 (56.2%) and 269 (74.5%) of
381 possibly redundant motifs found in the earlier study [71] were recovered by the
Umotifs with a p-value cutoff of 0.001, 0.005 and 0.01, respectively. We replaced the
motifs in the CRMCs with the Umotifs that they belong to, and each of the CRMC:s is
represented by their constituent Umotifs. Some CRMCs contain the same combination of

Umotifs, thus we merged them in a unique one, resulting in 746 CRMC:s.
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1.3.5 Genome-wide Predictions of CREs and CRMs in D. melanogaster

Projecting the CREs in these 746 CRMCs back to the D. melanogaster genome
(Methods) resulted in a total of 1,108,018 non-overlapping CREs with an average of
8.2+2.8bp, with 53,785 (4.9%) of which being entirely located in CDRs. These 1,108,018
CREs cover 9,045,115bp (5.4%) genome sequence, of which 8,583,816bp (94.9%) are in
NCRs, consisting of 6.4% of NCRs; the remaining 461,299bp (5.1%) are in CDRs,
consisting of 1.3% of CDRs (Figure 1.3C and Table 1.1). By connecting these putative
CREs (Methods), we predicted a total of 115,932 non-overlapping CRMs, 71,817
(61.9%) of which are entirely located in NCRs, and the remaining 44,115 (38.1%)
contain CDRs. These 115,932 CRMs cover 49,796,159bp (29.5%) genome sequence,
46,880,944bp (94.1%) of which are in NCRs, consisting 34.9% of NCRs; the remaining
2,925,215bp (5.9%) are in CDRs, consisting of 8.4% of CDRs (Figure 1.3C and Table
1.1). These putative CRMs tend to have shorter lengths than those of the known CRMs
(Figure 1.11A). Furthermore, the putative CRMs harbor 2 to 146 with a median of 7
CREs, and the distances between adjacent two putative CREs are largely similar to those
in known CRMs, except that a small portion of the putative CRMs tend to have a short
distance between adjacent two putative CREs (Figure 1.11B). These results suggest that
we might have missed certain CREs in the predicted CRMs, particularly at the two ends,
presumably due to insufficient information in the limited number of available ChIP
datasets used in this study. In other words, some of our predictions might consist of only
a part of real CRMs with possible missing CREs at the two ends of the CRM. Clearly, in
order to make more accurate and complete predictions, more and highly diverse ChIP

datasets are needed.
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Figure 1.11. A. Distribution of the lengths of the known and predicted CRMs. B.
Distribution of the distances (bp) between two adjacent CREs in the known and predicted
CRMs. C. Recovery rates of the known CRMs in the datasets (1330) and the known
CRMs containing a predicted CRE (1061) by the predicted CRMs and the corresponding
same number and length sequences randomly selected from NCRs.

To evaluate the sensitivity of our predicted CRMs, we first computed the recovery
rate by the predicted CRMs of the 1,330 known CRMs contained in the datasets. We
consider a known CRM is recovered if it overlaps with a predicted CRM by at least half
of its length. Remarkably, 1,036 (77.9%) of the 1,330 known CRMs were recovered by
the 115,932 putative CRMs (Table 1.2). By contrast, when the same number and length
sequences were randomly selected from the genome region covered by the datasets, only
46.9+£5.5% (n=50) (Figure 1.11C) of the 1,330 known CRMs could be recovered. The
recovery rate for the 1,061 known CRMs, in which at least a putative CRE was found,

was even higher (947/1,061=89.3%). By contrast, when the same number and length

sequences were randomly selected from the genome region covered by the dataset, only
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57.2+7.6% (n=50) (Figure 1.11C) of the known CRMs were recovered. Hence, our
algorithm has achieved rather a high recovery rate or sensitivity of CRM predictions, in
particular when a putative CRE could be identified in them, even using just the limited
168 datasets for only 56 TFs. Importantly, some of the known CREs in these recovered
CRMs overlap with our predicted CREs. For example, CRM(3R:21859748.. 21862775)
containing Umotif 34 recovers a known CRM of gene e(spl); and a putative CRE of
Umotif 34 overlaps with the known CRE of TF DA in the CRM, while Umotif 34 is
highly similar to the known motif of DA (Figure 1.12.A). Furthermore, CRM (2L:
15731775..15732968) containing Umotifs 106 and 114 recovers the known CRM of gene
cycE; moreover, Umotifs 106 and 114 are highly similar to the known motifs of HTH and
KNI which also have CREs located in the recovered CRM, respectively (Figure 1.12.B
and C). In addition, many of our novel predictions also have strong experimental data
supports thus are likely to be authentic. For example, our predicted CRMs
3R:8896195..8898063 , 3R: 12636031..12636729 and 2R: 5984055..5984519 share
Umotifs 3 and 14, and they recover the known CRMs of genes abd-A, jun-realted antigen
(jra) and single-minded (sim). It has been shown that these three genes are involved in
nervous system development [92-94], and thus are likely to be coregulated. Consistent
with this, we identified CREs of Umotifs 3 and 14 in the regulatory regions of these
genes. Interestingly, Umotifs 3 and 14 are highly similar to the known motifs of hormone
receptor 51 (HR51) and ladybird early (LBE), receptively (Figure 1.12.D and E), and it
has been reported that HR51 and LB regulate neurogenesis [95, 96]. Thus, HRS and LB
might carry out their functions by binding to the putative CREs of Umotifs 3 and 14.

Furthermore, we have predicted a CRM 2R: 16831599..16832019 overlaps with the first
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intron of gene actin57B (Figure 1.13) containing Umotif 27 and 23, which are highly
similar to the known motifs of TFs myocyte enhancer factor 2 (MEF2) and chorion factor
2 (CF2), respectively (Figure 1.12.F and G). It has been shown that these two TFs
cooperatively regulate Actin57B by binding to its promoter region [97]. Thus, MET2 and
CF2 might also regulate actin57B through binding to the putative CRES of Umotifs 27
and 23 located in its first intron (Figure 1.13). Therefore, our predicted CREs and CRMs

can help biologists identify potential enhancers for genes of interest.
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Figure 1.12. Examples of known CREs in the recovered known CRMs that overlap with
our predicted CREs, their corresponding Umotifs are similar the known motifs.
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1.3.6 The Predicted CRMs as well as CREs in a CRM as a Whole are More
Conserved than Randomly Selected Sequences
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Figure 1.14. A. Distribution of average phastCons scores of the predicted CRMs in NCRs
and of the same number and length sequences randomly selected from NCRs. The
vertical dashed lines indicate the PhastCons score cutoffs for highly conserved (>0.98)
and non-conserved (<0.02) CRMs. B. Distribution of average phastCons scores of all
putative CREs in a predicted CRMs in NCRs and of the same number and length
sequences randomly selected from NCRs. C. Distribution of average phastCons scores of
single predicted CREs in NCRs and of the same number and length sequences randomly
selected from NCRs. D. Distribution of average phastCons scores of single predicted
CREs in CDRs and of the same number and length sequences randomly selected from
CDRs. E. Distribution of average phastCons scores of the non-redundant original binding
peaks in NCRs and of the same number and length sequences randomly selected from
NCRs. F. Distribution of average phastCons scores of single predicted CREs in the
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original binding peaks in NCRs and of the same number and length sequences randomly
selected from the original binding peaks in NCRs.

As functional sequences tend to be more conserved than non-functional ones, to
further evaluate our predicted CRMs and CREs, we first compared the average phastCons
conservation scores [98] of the nucleotides in each of the putative 71,817 CRMs entirely
located in NCRs with those of the same number and length sequence randomly selected
from NCRs. The phastCons score is computed as the posterior probability for a
nucleotide to be conserved given a multiple alignment of genomes and their phylogenetic
tree [98]. As shown in Figure 1.14A, although the average phastCons scores of both the
predicted CRMs in NCRs and the randomly selected sequences have tri-modal
distributions, they are significantly different (p<2.2x10-302, Kolmogorov—Smirnov test).
Specifically, the right peak with very low phastCons scores, which reflects highly
mutated sequences is much larger for the former than for the latter, and the opposite is
true for the left peak with very high phastCons score, which reflects highly conserved
sequences [98]. Moreover, the middle peak with intermediate phastCons scores, which
reflects neutral to moderately conserved sequences [98], shifts about 0.04 to right for the
former relative to that for the latter. Thus, the nucleotides in the predicted CRMs in
NCRs tend to be more conserved than those in the randomly selected sequences. As the
spacing sequences between CREs in a CRM may not necessarily be functional and thus
conserved, we next compared average phastCons scores of putative CREs in each of the
71,817 predicted CRMs in CDRs with those of the same number and length sequences
randomly selected from NCRs. As shown in Figure 1.14B, average phastCons scores of

CREs in a CRM and randomly selected sequences from NCRs also show tri-modal
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distributions, however again, they are significantly different (p <2.2x10-302,
Kolmogorov—Smirnov test) in the similar way as for those of the full length putative
CRMs and the corresponding randomly selected sequences (Figure 1.14A). However,
there are subtle differences between the two cases: compared to the difference between
the peaks for the putative CRMs and the randomly selected sequence (Figure 1.14A), the
right peak for the putative CREs is much larger than that of the randomly selected
sequences (Figure 1.14B), and the middle peak for the putative CREs shifts more (0.15
vs. 0.04 unit) to right relative to that of the randomly selected sequences (Figure 1.14B).
Hence, putative CREs in a CRM as a whole are much more conserved than the randomly
selected NCRs, and also more conserved than spacer sequences in the putative CRMs.
We further compared average phastCons scores of nucleotides in the 646,143 putative
single CREs in the 71,817 predicted CRMs in NCRs and in the 53,785 putative CREs in
CDRs with the same number and length sequences randomly selected from NCRs and
CDRs, respectively. As shown in Figure 1.14C and 1.14D, the average phastCons scores
of single putative CREs in both NCRs and CDRs and those of the corresponding
randomly selected short k-mer sequences all show well separated bi-modal distributions,
with each peak located near the two extremes (0 and 1) of phastCons scores. This result
indicates that nucleotides in single putative CREs in both NCRs and CDRs and their
corresponding randomly selected short k-mers all tend to have either a very low (near
zero) or a very high (near 1) average phastCons score, implying that the nucleotides in
short sequences tend to be simultaneously highly conserved or non-conserved. This
observation is consistent with the findings that the D. melanogaster genome is highly

compact, and vast majority of its sequences are either negatively or positive selected, and
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thus are likely to be functional [99-105]. However, interestingly, there are striking
differences between the predicted CREs in NCRs (Figure 1.14C) and those in CDRs
(Figure 1.14D). First, the distribution for single putative CREs in NCRs is significantly
different from that for the corresponding randomly selected sequences (p<2.2x10-302,
Kolmogorov—Smirnov test), as the right peak of the former is slightly larger than that of
the latter (Figure 1.14C), indicating that a small fraction of single predicted CREs in
NCRs are more conserved than the randomly selected short k-mers. By contrast, the
distributions for single putative CREs in CDRs and the corresponding randomly selected
short k-mers are not significantly different (p<0.127, Kolmogorov—Smirnov, Figure
1.14D), indicating that single putative CREs in NCRs are not more conserved than the
randomly selected short k-mers. Second, the right peaks for single predicted CREs in
NCRs and the randomly selected short k-mers are slightly smaller than their own left
peaks (Figure 1.14C), indicating that there are slightly fewer conserved short sequences
than non-conserved ones in NCRs. By contrast, the right peaks for single putative CREs
in CDRs and the randomly selected short k-mers are much larger than their own left
peaks (Figure 1.14D), indicating that there are much more conserved short sequences
than non-conserved ones in CDRs, which is expected as most CDRs are highly
conserved. Third, the right peaks for single putative CREs in NCRs and the
corresponding randomly selected k-mers are much smaller than those of single putative
CREs in CDRs and the corresponding randomly selected short k-mers, and the opposites
are true for the left peaks (Figure 1.14C and 1.14D), indicating that short sequences in
CDRs are more conserved than those in NCRs as expected. Finally, to see the extent to

which the original binding peaks (without length extension) in the datasets were enriched
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for CRMs and CREs, we computed average phastCons scores of the non-redundant
original binding peaks and the CREs contained as well as of the same number and length
sequences randomly selected from NCRs and NCRs in the binding peaks, respectively.
As shown in Figure 1.14E, the distribution of average phastCons scores of non-redundant
original binding peaks was quite different from that of putative CRMs. In particular, the
peak at the score =1 in the latter distribution was almost missing in the former
distribution. Moreover, the original binding peaks with an average phastCons score >
0.32 even tended to be less conserved than randomly selected NCRs, and the opposite
was true for the putative CRMs, indicating that the predicted CRMs contains more
conserved sequences than do the original binding peaks. Furthermore, the distribution
difference between average phastCons scores of CREs predicted in the original binding
peaks and those of randomly selected NCRs with the same lengths is similar to that
between average phastCons scores of CREs and those of the randomly selected NCRs of
the binding peaks (Figure 1.14F). Thus, our predicted CREs in extended binding peaks as
a whole are of similar quality to the predicted CREs in the original binding peaks. In
summary, although only a small fraction of the single predicted CREs in NCRs are more
conserved than the randomly selected short k-mers, predicted CREs in a putative CRM as
a whole and predicted CRMs are significantly more conserved than the corresponding
randomly selected sequences, thus they are highly likely to be functional.

1.3.7 Highly Conserved and Non-conserved CRMs Regulate Distinct Classes of
Genes

To further evaluate our predicted CRMs, we examined whether or not the highly
conserved predicted CRMs (with an average phastCons score > 0.98) and highly non-

conserved predicted CRMs (with an average phastCons score <0.02) (Figure 1.14A) have
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distinct regulatory functions. To this end, we assigned each of the predicted CRMs a
target gene whose transcription start site has the shortest distance to the predicted CRM.
Thus, a predicted CRM can only be assigned to a gene while a gene can have multiple
assigned putative regulating CRMs. A total of 763 and 2,319 genes are predicted as
targets of the highly conserved and highly non-conserved putative CRMs, of which 601
and 2,053 have gene ontology (GO) annotations, respectively. As shown in
Supplementary file 2, 134 (22.3%) the putative target genes of the 601 highly conserved
putative CRMs are clustered into 11 functional groups using the DAVID program [106]
with an enrichment score >1.5 and p<0.01 (hyper-geometric test with Benjamini
correction). Intriguingly, these genes are enriched for developmental functions (8
groups), neurological functions (1 group), motility (1 group) and transcriptional
regulations (1 group). On the other hand, 481(23.4%) putative target genes of the 2,053
highly non-conserved putative CRMs are clustered into 10 functional groups with an
enrichment score >1.5 and p<0.01, In contrast to the putative target genes of highly
conserved putative CRMs, these genes are enriched for plasma membrane functions (6
groups), metabolism (2 groups), and chemical sensory perception (2 groups)
(Supplementary file 3). Thus, the highly conserved putative CRMs and highly non-
conserved putative CRMs do regulate distinct groups of genes. The results are in
excellent agreement with the fact that highly conserved CRMs are mainly involved in
embryonic development in both insects [107, 108] and vertebrates [109], while CRMs for
genes with other functions in particular those related to environmental adaptations evolve
extremely fast [110], strongly suggesting that both the highly conserved putative and

non-conserved putative CRMs are likely to be functional. The predicted CREs, Umotifs,
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CRMs, average phastCons scores and putative target genes are stored in a searchable
relational database (http://bioinfo.uncc.edu/mniu/pcrms/www/) for public use. The query
results and relevant knowledge are displayed using the NCBI graphical sequence viewer.
1.4 Discussion
ChIP-seq techniques have been proven a powerful means to locate CREs for
specific TFs genome-wide in various cell types, tissues, developmental stages and
physiological conditions. However, precise identification of CREs in the binding peaks
from ChIP experiments is still a challenging computational problem [85]. Efforts have
been made to narrow down the binding peaks through improving experimental
procedures [111], thereby facilitating the identification of CREs. On the other hand, once
the binding peak summits of a TF are identified, information about the CREs of its
cooperative TFs around the summits can provide a good opportunity to identify the
relevant CRMs. With the accumulation of a large number of ChIP datasets in many
important metazoans and plants, it is tantalizing to predict CRMs around CREs of the
ChIP-ed TFs by integrating information in a large number of ChIP datasets in an
organism. In this study, we have explored this idea and developed a novel algorithm
DePCRM for such a purpose. The algorithm is largely based on the fact that similar TF
combinatorial patterns are often repeatedly used to regulate multiple similar or different
regulons in different cell types, tissues, developmental stages or physiologically
conditions. As the number of possible combinations of TFs is extremely large, DePCRM
identifies possible real motif combinatorial patterns in a sufficiently large number of
ChIP datasets through iteratively filtering out randomly occurring spurious motifs,

thereby effectively reducing the searching space in each step (Table 1.2). Clearly, in
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order for the algorithm to make reasonable predictions, the ChIP datasets have to be
sufficiently large and diverse, so that they are likely to include datasets for cooperative
TFs in different cell types, tissues, developmental stages and physiological conditions.

Using the currently available 168 ChIP datasets for 56 TFs in D. melanogaster,
the algorithm was able to recover 77.9% of the known CRMs in the datasets and even
89.3% known CRMs in which a putative CRE could be identified (Table 1.2). Thus, our
algorithm has achieved rather high prediction sensitivity even only using these 168
limited datasets, in particular when a putative CRE can be located in the CRMs by a
motif finding tool. Although we cannot rigorously evaluate the prediction specificity of
the algorithm due to the limited knowledge of CRMs in the genome, it should not be too
low for the following reasons. First, the chance for such high recovery rate of known
CRMs to happen by chance is virtually impossible as indicated by our simulation studies
(Figure 1.11C). Second, our predicted CRMs as well as CREs in a CRM as a whole are
more conserved than the corresponding randomly selected sequences (Figures 1.12A and
1.12B). Third, the highly conserved predicted CRMs tend to be located in the close
neighborhoods of genes involved in embryonic development (Supplementary file 2),
which is consistent with the existing knowledge [107-109]. Fourth, the highly non-
conserved predicted CRMs tend to be located in the close neighborhoods of genes
involved in neural transmission, chemical sensation and metabolism, which is also in
excellent agreement with the observations that gene regulatory networks for genes
involved in responses to environmental factors tend to evolve very rapidly through
rewiring by degrading existing CREs (death), or gaining new CREs (birth), a process

called CRE turnover [110, 112]. This form of genetic changes plays a more pivotal role



39
in functional evolution of organisms than previously thought [110, 113]. Therefore, both
the conserved and non-conserved putative CRMs are highly likely to be functional.

As vast majority of known CRMs are located in NCRs, we did not attempt to
predict CRMs that are entirely located in CDRs, thus, we only allow the extended binding
peaks to include at most the adjacent exon (Methods). Nevertheless, 5.9% of our
predicted CRMs at least partially include the first or last exon of genes. Although
putative CREs in CDRs are more likely to be conserved than those in NCRs (Figures
1.12C and 1.12D), they are not more conserved than the randomly selected short k-mers
in CDRs (Figure 1.14D). Therefore, putative CREs in CDRs are not necessarily under a
higher selection pressure than are the randomly selected short k-mers in CDRs. On the
other hand, the other 94.1% of our predicted CRMs are entirely located in NCRs (Figure
1.3C) and consist of 34.9% of all NCRs in the genome. Interestingly, it has been shown
that there are more than three times as many functional NCRs as CDRs in the D.
melanogaster genome, because these NCRs are under at least the same level of natural
selection as CDRs [99, 101, 105]. In other words, more than 75% of NCRs in the genome
are likely to be functional. In this regarding, we have predicted less than half of possible
CRMs in the genome. Furthermore, our predicted CRMs are based on 746 combinatorial
patterns (i.e., CRMCs) of 184 identified Umotifs. Since TFs of the same structural family
tend to recognize highly similar motifs [114, 115], our predicted Umotif might
correspond to multiple highly similar motifs of different TFs of the same structural
family. Hence, we may have actually predicted more than 184 motifs for some of the
1,052 annotated TFs in the genomes, and many of them are likely novel motifs. However,

our predicted motifs might be far away from covering all the annotated TFs as our
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predicted CRMs only cover 34.9% of NCRs. Extrapolating our results based on these
datasets, we predict that 13.42% and 73.17% of NCRs in the D. melanogaster genome
might code for CREs and CRMs, respectively, which is in excellent good agreement with
the earlier conclusion that at least 75% of NCRs are likely to have transcriptional
regulatory functions [99, 101, 105].

Nonetheless, our results demonstrate that even these limited 168 datasets for just
56 TFs can result in highly meaningful predictions of CRMs and CREs genome-wide. In
other words, these datasets contain sufficient information for repeatedly used motif
patterns as indicated by the significant overlaps of their binding peaks (Figures 1.4). On
the other hand, because these datasets were not generated by random efforts of the
community, rather, they are strongly biased to well-studied cooperative TFs, and their
CRMs are relatively well documented in the literature. Therefore, if the datasets were
generated by random efforts and the known CRMs were characterized by uncorrelated
efforts, then we might need a much larger number of datasets to achieve the similar
prediction accuracy. Moreover, as indicated above, although we have achieved a rather
high recovery rate (89.3%) of known CRMs with a putative CRE, more and diverse ChIP
datasets are needed to further improve the predictions, in particular to predict all CRMs
in the genome. Fortunately, with ChIP-seq techniques becoming routine and the progress
of the ENCODE projects, more and more ChIP-seq datasets will be churned out for
numerous and even all TFs encoded in the organisms. Thus, our algorithm could be very
useful for elucidating CRMs encoded any genome once a sufficient number of diverse

ChIP-seq datasets become available in the organism.
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Clearly, the result of our algorithm is only a static map of CREs and CRMs
encoded in the genome, and for many putative CREs in the predicted CRMs, we may not
know their cognate TFs and functional state (active, poised or inactive) in specific cell
types, tissues, developmental stages or physiological conditions. However, once such a
global CRMs map is available for an organism, it is relatively straightforward to infer the
functional states to CRMs if epigenetic data in a certain cell type, tissue, developmental
stage or physiological condition are available, such as ChIP-seq data for histone
modification markers (e.g., mono-, bi- and tri-methylation at lysine 4 of histone 3 or
H3K4ml, H3K4m2, K3K4m3, etc.) at active promoters, enhancers and silencers [18, 49,
116-119], and DNAse-seq data for nucleosome free regions [19, 21, 111, 120, 121].
Thus, future development is to incorporate the epigenetic datasets, hereby predicting the
functional states of all the predicted CRMs in a certain cell type, tissue, developmental
stage or physiological condition [116-119].
1.5 Methods

1.5.1 Datasets

We attempted to collect all possible ChIP-seq and ChIP-chip datasets from D.
melanogaster available to us from three sources: the modENDCOE project [122], the
Berkeley drosophila transcription network project (BDTNP) [79]and literature. We used
the binding peak summits in each dataset, provided in the original publications as the data
owners might have a better understanding of their datasets for background subtraction
and normalization. We removed binding peaks that overlap with high occupancy target
(HOT) regions [71, 72]We used the binding peaks in the datasets identified by the

original data owners. Because the typical lengths of known CRMs are 1,000-2,000bp
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[80], we extended the binding peaks shorter than 3,000bp to up to 3,000bp by padding
equal length of flanking genomic sequences to the two ends. If the extension on either
end reaches an adjacent exon, we only included up to the full length sequence of the exon
as majority of CRMs are located in NCRs. We discarded the binding peaks longer than
5,000bp as they generally have low quality score and consist of only a small portion in
the datasets (Figure 3A). The remaining extended binding peaks in each dataset were
used for motif finding. The known CREs and CRMs in D. melanogaster were
downloaded from the REDfly database [80].

1.5.2 Measurement of the Overlap of Binding Peaks in Two Datasets

We quantify the overlapping level of binding peaks in two datasets di for TF F;
and d; for TF F;, defined as,

So(di,d;) = 0;(d, d))/|d;| + 0;(d;, d;) /1d;] (1.1)

where |di| and |dj| are the number of binding peaks in di and dj, respectively, and
0;(d;, dj) the number of sequences in d; that are overlapped by a sequence in d;.

1.5.3 Finding Motifs in Binding Peak Datasets

Based on an initial evaluation of multiple motif-finding tools for large ChIP
datasets, including seeder [61], Trawler [61, 62], ChIPMunk [63], HMS [64], CMF[65],
STEME [66], DREME [67], DECOD [68], RSAT [69], and POSMO [70], we selected
DREME to identify all possible motifs in each of the extended binding peak dataset for
its computational efficiency and capability to return enough number of over-represented
motifs in a dataset [67]. As DREME requires a negative dataset for more accurate
predictions, we generated a random sequence set for each input dataset using a third order

Markov chain model based on the transition probabilities of the sequences in the dataset.
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In addition, since it is highly unlikely that one can find a large number of high quality
motifs in such a random dataset or in a low quality ChIP dataset, we also used DREME
as a quality control measure to filter out low quality datasets in which no or only a single
motif could be identified.

1.5.4 The Algorithm

Our DePCRM algorithm predicts CRMs through the following steps using the
putative motifs as the input found in the modified binding peaks from all ChIP-seq and/or
ChIP-chip datasets.

1.5.4.1 Identify Co-occurring Motif Pairs (CPs) in Each Dataset

For each pair of motifs Mqa(i) and Mq(j) found in the same dataset d regardless of their
distance, we compute a motif co-occurring score Sc defined as,

S,(M., (i), M, () = o(M,, (i), M, (j)) / max{] M, ()| M, (j) I, (1.2)

where |Ma(i)| and |Mq (j)| are the number of binding peaks containing CREs of
motifs Mq(i) and Mq (j), respectively; and o(Ma(i), Ma(j)) the number of binding peaks
containing CREs of both the motifs. We select motif pairs with a Sc2o as co-occurring
motif pairs (CPs) for further analysis (Figures 1.2B and 1.2C). The cutoff o is chosen
such that the predicted motifs in known CRMs are minimally excluded (Figures 1.4A and
1.4B). If there are not enough known CRMs in the genome, a default o =0.7 is used based
on the data from REDfly (see Results).

1.5.4.2 Compute Similarity Scores among All Pairs of CPs in Different Datasets

For each pair of datasets a and b, we compute a similarity score Ss between each

pair of CPs P[Ma(i), Ma(j)] from a and P[Mb (m), Ms (n)] from b, defined as,
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SAPIM (i), M ()], PIM ,(m), M, (m)]}
= max Sim[M, (k),M,(D]}+Sim[M, (r),M,(s)], reiij.r#kse{mmn},s=1I[, (1.3)

keli,j}.le{m,n}

where Sim(M, N) is the similarity score between motifs M and N using a metric
called SPIC that we proposed previously considering both the frequency matrixes and
position specific weight matrixes (PSWMs) of both the motifs [123-125]. We have
shown that SPIC outperforms the existing metrics for measuring motif similarities [123-
125]. Note that to compute S; we first select the highest similarity among all the four
possible motif pairs, and then sum it with the similarity of the remaining pair.

1.5.4.3 Construct the CP Similarity Graph

We then construct a CP similarity graph using the CPs as the nodes, and
connecting two CPs with an edge with their score Ss being the weight if and only if Ss is
above a cutoff B. As edges are only allowed among CPs from different datasets, thus the
resulting similarity graph is a multi-partied graph (Figure 1.2C). The value of B is chosen
based on the relationship between the graph density as well as the number of nodes in the
graph and different B values. The graph density is defined as:

D=|E|/|CP|, (1.4)

where |CP| and |E| are the numbers of CPs and edges in the graph, respectively.
We choose a 3 value such that the resulting graph is as spars as possible and has as many
nodes/CPs as possible (Figures 1.7A and 1.7B).

1.5.4.4 Cut the CP Similarity Graph into Dense Sub-graphs, CP Clusters (CPCs)

We use the Markov Chain Clustering algorithm (MCL) [87]to cut the graph into
dense sub-graphs, each corresponding to a cluster of repetitively occurring CPs across

multiple datasets (Figure 1.2D). MCL iteratively computes random walks determined by
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a Markov chain by alternately executing two operations (expansion and inflation) on a
stochastic matrix [87]. It ranks the identified dense sub-graphs according to their sizes in
a descending order. It has been shown that MCL works very well in finding dense sub-
graphs in very large weighted sparse graphs [87, 123, 124, 126-130]. We discard the
clusters containing fewer than t CPs (t =2 in this study. So we only discarded singleton
CPs) (Figure 1.2D). Presumably, the remaining clusters contain highly similar CPs for
certain two TFs. For example, cluster C1 (P1, P5, P8) in Figure 1.2D contains highly
similar motifs (red and black ova) for two distinct TFs. For this reason, we call these
clusters CP clusters (CPCs) (Figure 1.2D).

1.5.4.5 Compute a Co-occurring Score for Each Pair of CPCs

Let Ci and C; be two CPCs, and q, (c,,c,) be the set of the CPs in Ci and C; from

the same dataset dk. We define a co-occurring score between C; and C;j as,

13 1
e DZ N(Qd,((Ci,c,)>(Rec,.,gec,%gz,k(c,,,c,f o

where D is the number of datasets in which CPs of both Ci and Cj occur, Ps and Pt
two CPs from Ci and C;j, respectively, o(Ps,Pt) the number of binding peaks where Ps and Pt
co-occur, |P| the size of P, and N(Qq(Ci,Cj)) the number of unique comparisons among the
CPs in Qu(Ci, C)).

1.5.4.6 Construct the CPC Co-occurring Graph

We construct a CPC co-occurring graph using each CPC as a node, and

connecting two CPCs Ci and C; by an edge with s_,.(C,,C,) being the weight if and only if
Serc(C,,C ) ==y (Figure 1.2E). The cutoff y is chosen based on the bimodal distribution

of the Scec sores (Figure 1.7C).
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1.5.4.7 Cut the CPC co-occurring Graph into Dense Subgraphs

We apply MCL to cut the CPC co-occurring graph into dense sub-graphs (Figure
1.2F). Each of these sub-graphs is assumed to correspond to a possible combination of
their motifs to form a CRM based on the datasets used. For this reason, we refer to these
CPC clusters as CRM components (CRMCs) (Figure 1.2E).

1.5.4.8 Combine Highly Similar Motifs in Unique Ones

Some motifs in the CRMCs may have overlapping CREs, and can be very similar
to one another. It is highly likely that they consist of the same or similar CREs of the
same TF or closely related ones. Thus we need to combine such highly similar and
possibly redundant motifs into unique ones. To this end, we calculate the pairwise motif
similarity of all the motifs in the CRMCs using the SPIC motif similarity metric [123-
125]. We construct a motif similarity graph using the motifs as nodes, and connecting
two nodes by an edge with the similarity being the weight if and only if the similarity of
the corresponding motifs is greater than 0.7. We identify high density subgraphs in the
graph using MCL. For each subgraph, we extend each CRE of each associated motif by
padding 5 bp original genomic sequence at each of its two ends. We then identify the
common motif in each set of the extended CREs using DREME. For the resulting motifs
with more than 50% CRE overlapping and a similarity score more than 0.4, we repeat the
above procedure until no two motifs meet the criteria. Each resulting motif has a
similarity smaller than 0.4 and an overlapping rate lower than 0.5 with any other motifs.
Thus we call each of them a unique motif or Umotif. Each motif in the identified CRMCs

is then represented by its Umotif.
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1.5.4.9 Predict CRMs in the Genome
We project CREs of all the CRMCs back to their locations in the genome. If the
projected CREs overlap with one another, we merge them in a non-overlapping one. We
then connect any two adjacent CREs if their distance is shorter than a preset value
0 (6 =150bp in this study) according to the distribution of the distances between the
CREs in known CRMs (Figure 1.11B) and the connection cannot span over an exon
unless it contain a binding site. We predict a CRM as a segment of sequence connected
by CREs of Umotifs in one or multiple CRMC:s.

1.5.5 Comparison of Our Algorithm with a Naive Algorithm

Since CRMs are likely to be enriched in our extended peaks, a naive method that
randomly selects sequences from the extended peaks can recover true CRMs. To compare
our algorithm with such a naive method, we concatenated all the genome sequences that
are covered by the extended binding peaks according to the order of the sequences on the
chromosomes X, Y, 2, 3 and 4, and we connected the two ends of the concatenated
sequence to form a circular DNA. For each of CRM predicted by our algorithm, we
randomly selected a segment of sequence with the same length as the predicted CRM
from the circular DNA. We repeated the process 50 times and compared their averaged
results to our predictions.

1.6 Conclusion

The exponentially increasing number of TF binding location data produced by the
recent wide adaptation of chromatin immunoprecipitation coupled with microarray
hybridization (ChIP-chip) or high-throughput sequencing (ChIP-seq) technologies has

provided an unprecedented opportunity to identify CRMs and CREs in genomes.
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However, how to effectively mine the large volumes of ChIP data to identify CREs and
CRMs is a challenging task. We have developed a novel graph-theoretic based algorithm
DePCRM for genome-wide de novo predictions of CRMs and CREs using a large
number of ChIP datasets. DePCRM predicts CRMs by identifying overrepresented
combinatorial motif patterns in multiple ChIP datasets in an effective way. When applied
to 168 ChIP datasets of 56 TFs from D. Melanogaster, DePCRM identified 184 and 746
overrepresented motifs and their combinatorial patterns, respectively, and predicted a
total of 115,932 CRMs in the genome. The predictions recover 77.9% of known CRMs in
the datasets, 89.3% of known CRMs containing at least one predicted CRE. These
putative CRMs and CREs as a whole in a CRM are more conserved than randomly
selected sequences, thus, they are highly likely to be functional. Thus, the algorithm can
be used to predict CRMs and CREs in other eukaryotic genomes from which a sufficient
number of diverse ChIP datasets are available. All the predicted CREs, motifs, CRMs,

and their target genes are available at http://bioinfo.uncc.edu/mniu/pcrms/www/.



CHAPTER 2: PREDICTION OF CIS-REGULATORY MODULES IN
THE HUMAN GENOME

2.1. Abstract

It has been shown that about 70% of the conserved human genome are NCRs,
suggesting that they might be involved in gene transcriptional regulation. However, due
to the computational and experimental difficulties, we are still far from a comprehensive
understanding of the human regulatory genome. In this chapter, we applied DePCRM to
359 human ChIP-seq datasets for 148 TFs in 68 different cell or tissue types, and
identified 636 overrepresented motifs, 1,991 CRMCs, and 807,365 CRMs in the genome.
The predictions recovered 95.55% of known enhances in the datasets, 48.84% of trait-
linked SNPs from dbGAP. Furthermore, 50.96% of our predicted CRMs overlaps with
DNase 1 hypersensitive sites (DHSs). Thus, our predictions reached a rather high
sensitivity. We also found that our predicted CREs and CRMs tend to be more conserved
than randomly selected sequences, suggesting they are more likely to be functional.
Furthermore, we analyzed the saturation trends of predicted CRMCs and motifs using
increasing number of datasets in three scenarios. We found that with a practical number
of datasets, a complete list of CRMCs and Umotifs are reachable in specific cell types,
for specific TFs (with its co-working TFs) and in the whole genome. We predicted the
proportion of the complete list of Umotifs and CRMCs one can reach with the number of

datasets available.
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2.2 Introduction

The human genome encodes around 21,000 protein-coding genes that consist of
only 1.5% of the whole genome. Comparative genomic studies suggest that 5% of the
human genome are conserved [131], implying that 70% of conserved NCRs might be
involved in gene transcriptional regulation. Furthermore, the human proteome is different
from the chimpanzee proteome by only 1.23% [132], while their noncoding regulatory
sequences differ much more [133]. Therefore, the observable differences between
chimpanzee and humans may be due more to differences in the regulation of gene
expression than to differences in protein-coding genes. Moreover, current genome-wide
association studies suggest that noncoding genetic variation among individuals plays a
major role in the variation in human phenotypes and disease susceptibility [88], therefore,
a better understanding of CRMs in the human genome will lead to an understanding of
not only human gene regulation and evolution, but also various diseases. Enormous
efforts have been made to identify CREs and CRMs in the human genome, through large
consortiums such as the ENCODE project, as well as studies by individuals around the
world using a variety of NGS-based technologies.

However, compared with the D. melanogaster genome (139.5Mbp), the human
genome (3.2 Bbp), is 22.9 times larger, and encodes more genes (21,000 vs 13,600) and
more TFs (2,886 vs 1,030), indicting more complex combinatorial usages of TFs, and
thus CREs and CRMs in the human genome. Furthermore, there are far more cell and
tissue types in human that need to be explored to reveal all the encoded CREs and CRMs
than in D. melanogaster. Thus, the characterization of CREs and CRMs in the human

genome can be a more challenging task than in the D. melanogaster genome. For
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instance, although, the ever increasing number of TF ChIP-seq datasets hold promise for
the characterization of CREs and CRMs in the human genome, ChIP-seq datasets
obtained from human tissues or cells are on average 2-3 times larger than from D.
melanogaster tissues or cells, and may contain far more number of motif combinatory
patterns, making their analysis and integration more challenging. Can the DePCRM
algorithm we developed earlier work on much bigger human ChIP-seq datasets, and
predict the CREs and CRMs in the genome with high accuracy? Moreover, given the
great efforts that have been made word-wide to generate a large number of ChIP-seq
datasets from various human tissues and cell types, , what is the status of these efforts,
how far will we need to go, and how should we proceed to achieve the goals faster and
more cost-effectively?

To address these questions, we first speeded up the DePCRM algorithm by
splitting datasets with a large number for binding peaks into multiple smaller ones for
motif-finding, as motif-finding is the rate-limiting step of the DePCRM algorithm, in
particular for very large datasets. We then applied the algorithm to a total of 359 ChIP-
seq datasets for 148 TFs in 68 different types. We identified 636, 1,991 and 807,365
Umotif, CRMCs and CRMs in the genome, respectively. The predictions recovered
95.55% of known enhances in the datasets, 48.84% of trait-linked SNPs from dbGAP.
Furthermore, 47.11% of our predicted CRMs overlaps with DNase I hypersensitive sites
(DHSs). We also found that the putative CRMs and CREs as a whole in a CRM are more
conserved than randomly selected sequences. Thus, they are likely to be functional.
Furthermore, using these datasets, we analyzed the saturation trend of CRM predictions

in three different scenarios: 1) How does the number of predicted CRMs change using an
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increasing number of datasets for different TFs from the same type of cells? 2) How does
the number of predicted CRMs change using an increasing number of datasets for the
same TF in different cell types? And 3) how does the number of predicted CRMs change
using an increasing number randomly selected datasets?

2.3 Materials and Methods

2.3.1 Datasets

A total of 359 ChIP-seq datasets for 148 TFs in 68 different cell or tissue types
were downloaded from the Encyclopedia Of DNA Elements (ENCODE) consortium
website
(http://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data jan2011/byDataTyp
e/peaks/jan2011/peakSeq/optimal/hub/). The binding peaks were identified by the peak-
calling and refinery procedure designed by Kundaje and colleague [134]. A total of 850
experimentally verified the sequences containing the enhancers in the human genome
(version hgl19) were downloaded from the Vista Ehancer Browser database [135]. These
human enhancer fragments have an average length of 1,925 bps. The coordinates of a
total of 30,572 trait-linked SNPs were downloaded from the database of Genotypes and
Phenotypes (dbGaP) [136]. Majority of these SNPs were identified by genome-wide
association studies (GWAS), medical sequencing, molecular diagnostic assays, as well as
association between genotype and non-clinical traits. Additionally, the coordinates of a
total of 1,281,988 non-overlapping DHSs in 125 cell types produced by ENCODE were
downloaded from the UCSC Genome Browser database (http://genome.ucsc.edu/cgi-

bin/hgTrackUi?db=hg19&g= wgEncodeRegDnaseClusteredV2).


http://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byDataType/peaks/jan2011/peakSeq/optimal/hub/
http://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byDataType/peaks/jan2011/peakSeq/optimal/hub/
http://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=%20wgEncodeRegDnaseClusteredV2
http://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=%20wgEncodeRegDnaseClusteredV2
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2.3.2 Measurement of the Overlap of Binding Peaks in Two Datasets

We extended the binding peaks shorter than 3kbp to up to 3kbp by padding equal
length of flanking genomic sequences to the two ends. If the extension of either side of
the peak reaches an exon, we then only include the first exon since majority of the CREs
locate within NCR. We quantify the overlapping level of extended binding peaks in two
datasets d; for TF F; and d; for TF Fj, defined as,

So(di, d;) = 0;(d;, dj)/1d;| + 0;(dy, d)/1d;l, (2.1)

where |di| and |dj| are the number of binding peaks in di and dj, respectively, and
0;(d;, d;) the number of sequences in d; that are overlapped by a sequence in d;.

2.3.3 Finding Motifs in Binding Peak Datasets

We used DREME to identify all possible motifs in each of the extended binding
peak dataset for its computational efficiency and capability to return enough number of
over-represented motifs in a dataset [67]. As DREME requires a negative dataset for
more accurate predictions, we generated a random sequence set for each input dataset
using a third order Markov chain model based on the transition probabilities of the
sequences in the dataset. As the size of a dataset becomes large, even a fast algorithm
such as DREME cannot run in a practical time, thus we split a dataset with a size over
10,000 peaks into multiple sub-datasets with similar number of peaks smaller than
10,000, i.e., the size sub-datasets is equal to s/ (mod(s/10,000) +1), where s > 10,000 is
the size of the original dataset.

2.3.4 The Algorithm

The motifs found in each dataset were fed to the DePCRM detailed in Chapter 1,

to predict CRE and CRMs in the genome. Briefly, for each pair of motifs Mq(i) and Mq(j),
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found in the same dataset d, regardless of their distance, we compute a motif co-occurring
score Sc. We select motif pairs with a Sc > a as co-occurring motif pairs (CPs) for further
analysis. The cutoff a is chosen such that the predicted motifs in known CRMs are
minimally excluded (Figures 2.1). If there are not enough known CRMs in the genome, a
default 0=0.6 is used based on the data from VISTA. For each pair of datasets a and b, we
compute a similarity score Sg between each pair of CPs P[M,(i), M.(j)] from a and P[M,
(m), Mp (n)] from b. We then construct a CP similarity graph using the CPs as the nodes,

and connecting two CPs with an edge with their score Ss being the weight if and only if

Ss is above a cutoff B. We choose a § value such that the resulting graph is as sparse as

possible and has as many nodes/CPs as possible. We use the Markov Chain Clustering
algorithm (MCL)[137] to cut the graph into dense sub-graphs, each corresponding to a
cluster of repetitively occurring CPs across multiple datasets. We discard the clusters
containing fewer than Tt CPs (t=2 in this study. Thus we only discarded singleton CPs).
Presumably, the remaining clusters contain highly similar CPs for certain two TFs. We
call these clusters CP clusters (CPCs). For each pair of CPCs, C; and C;, we calculate a
co-occurring score Scpe for their concurrence over all the datasets, and construct a CPC
co-occurring graph using each CPC as a node, and connecting two CPCs Ci and C; by an

edge with being the weight if and only if S_,..(C,,C,)==y . The cutoff y is chosen based

on the bimodal distribution of the Scyc sores. We apply MCL to cut the CPC co-occurring
graph into dense sub-graphs. Each of these sub-graphs is assumed to correspond to a
possible combination of their motifs to form a CRM based on the datasets used. For this

reason, we refer to these CPC clusters as CRM components (CRMCs). Some motifs in



55
the CRMCs may have overlapping CREs, and can be very similar to one another. It is
highly likely that they consist of the same or similar CREs of the same TF or closely
related ones. Thus, we combine such highly similar and possibly redundant motifs into
unique ones. We call each of them a unique motif or Umotif. Each motif in the identified
CRMC:s is then represented by its Umotif. We project CREs of all the CRMCs back to
their locations in the genome. If the projected CREs overlap with one another, we merge
them in a non-overlapping one. We then connect any two adjacent CREs if their distance
is shorter than a preset value & (6=150bp in this study) according to the distribution of the
distances between the CREs in known CRMs and the connection cannot span over an
exon unless it contain a binding site. We predict as a CRM each segment of the sequence
connected by CREs of Umotifs in one or multiple CRMCs.

2.3.5 Prediction Saturation Analysis

We analyzed the saturation trends of predicted Umotifs and CRMCs in the
following three scenarios: 1) changes in the number of Umotifs and CRMCs with
increasing number of datasets for different TFs from the same cell type or tissue; 2)
changes in the number of Umotifs and CRMCs with increasing number of datasets in
different cell types or tissues for the same TF; and 3) changes in the number of Umotifs
and CRMCs with increasing number of randomly selected datasets. Specifically, for the
first two scenarios, we used the Umotifs and CRMCs predicted using the 359 dataset as
the standard sets, and count the number of the Umotifs and CRMCs predicted using the
selected datasets, which are recovered by the standard sets. For the third scenario, we
randomly selected different numbers (n=100, 200, 250 and 300) of datasets from the 359

dataset, and applied the algorithm to each of the randomly selected datasets with the same
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parameter setting. For all the three scenarios, we repeated the process 50 times for each
dataset size, and present the averaged results to minimize the effect caused by the

combination and the order of datasets used. We fitted the results to a sigmoid function,

a—6
f) =8+ imwsmmi (2.2)

where o, By and O are constant, and n is the number of datasets used for the
predictions.

2.4 Results

2.4.1 Overlap of the Extended Peaks.

As shown in Figure 2.1A, each of the 359 datasets contains 19~58,505 binding
peaks, and vast majority (99.5%) of the peaks have a length shorter than 5,000bp (Figure
2.1B). We extended the binding peaks shorter than 3,000bp to up to 3,000bp. The reason
we chose 3,000bs as the extension length is that most of the known enhancer segments

from VISTA are shorter than 3,000bs.
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Figure 2.1. A. The number of binding peaks in the 359 original datasets sorted by their
sizes in the ascending order. B. Distribution of binding peak lengths in the 359 datasets,
vast of them are shorter than 5,000bs.

The 359 datasets contain a total of 3,423,090 sequences with 131 contain more

than 10,000 sequences, after the length extension they contain a total of
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10,269,627,767bp, which are 3.27 times of the genome (3,137,161,264bs), but only cover
34.8% (1,091,718,950bs) of the genome (Table 2.1 and Figure 2.2), indicating that some
of these sequences highly overlap with one another. Of the 1,091,718,950bs genome
sequence covered by the datasets, 1,048,072,608bs (96%) are in non-coding regions
(NCRs, including introns and intergenic sequences), consisting of 34.3% of NCRs
(3,059,588,382bs) in the genome (Table 2.1 and Figure 2.2). The remaining 43,646,342
(4%) sequences are in coding regions (CDRs), consisting of 56.3% of CDRs
(77,572,882bs) in the genome (Table 2.1 and Figure 2.2). Thus, we have included a
considerable portion of CDRs in the datasets because some binding peaks are located in

CDRs.
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Figure 2.2. Coverage of the datasets, predicted CREs and CRMs on the CDRs and NCRs
in the genome. The numbers above the lines are the proportions of the CDRs and NCRs
in the corresponding sequence categories; the numbers below the lines are the proportions
of CDRs and NCRs with respect to the entire CDRs and NCRs in the genome,
respectively.

To see the patterns of the overlapping in the datasets, we computed the pair-wise
overlapping score among the 359 datasets using the formula 1.1, and clustered the
datasets based on the score. As shown in Figure 2.3A, there are numerous clear clusters
formed by datasets of TFs. Interestingly, many TFs whose datasets form cluster are
known to work cooperatively in regulating genes. For example, the cluster of datasets
highlighted in Figure 2.3B involves TFs RAD21, CTCF and SMC3. RAD21 and SMC3
are the members of the cohesin complex, and it has been reported that cohesin co-
localizes with CTCF at more than 80% of sites genome-wide [138]. Another example is
the cluster formed by the datasets of TFs ZNF274, KAP1 and SETBD1 (Figure 2.3C). It

has been shown that knockdown of ZNF274 with siRNAs reduced the levels of KAP1

and SETDBI recruitment to the
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ZNF274 binding regions, suggesting that ZNF274 is involved in the recruitment of the
KAP1 and SETDBI to specific regions of the human genome [139]. Therefore, these
results indicate that the datasets might contain sufficient information to predict at least a
portion of CREs and CRMs in the genome.

2.4.2 Identification of the Motifs

Our goal is to find all possible TF binding motifs of the ChIP-ed TFs and their
cooperative TFs in each dataset. To facilitate motif finding in the 131 large datasets
containing more than 10,000 binding peaks, we split them into a total 342 dataset, thus
we ended up with a total of 570 datasets each contain fewer than 10,000 binding peaks.
As shown in Figure 2.4, we found 0~339 motif in each of the datasets depending on the
quality and size of the dataset (Figure 2.4A). On the one hand, in the dataset with 19
peaks, DREME was not able to find any motif, so the dataset is filtered out at this step.
Thus, the motif-finding step serves as a quality control step that involve minimum human
input. On the other hand, the vast majority (3,423,064) of the 3,423,210 binding peaks
contain members of the identified motifs, indicating that the peaks are enriched with
motifs. To see the effects of splitting a large dataset in smaller ones on the motif finding
results, we randomly split three datasets with 22,314, 30,924, and 40,670 peaks in three,
four and five sub-datasets, respectively, so each sub-dataset contains fewer than 10,000
peaks, and find motifs in each of the sub-dataset. We repeated this process by 10 times.
As shown in Figure 2.4C, the number of motifs identified for each splitting are quite
similar, and are also similar to the number of motifs identified by the way of splitting
used in the algorithm. Therefore, the way to split a large dataset does not significantly

affect at least the number of motifs identified in the split sub-datasets and thus the
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dataset. The returned motifs generally have high information content (Figure 2.4B).
Overall, we identified 130,812 putative motifs corresponding to 465,045,660 putative
CREs containing 2,650,760,262bs, which is 2.42 times of the genome covered by our
datasets, indicating that many motifs were identified from overlapping sequences in

different datasets as DREME does not return overlapping motifs from in same datasets.
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Figure 2.4 A. Number of motifs found as a function of the size of the 570 datasets. B.
Distribution of the motif information content. C. The average (n=10) total numbers of
motifs found in the randomly split three, four and five sub-datasets of the corresponding
large datasets (Blue), and the total number of motifs found by the way of splitting used in
this study.

2.4.3 Prediction of CRM Clusters by Mining the Combinatorial Patterns of Motifs

Both spurious and true motifs are included in the 130,821 putative motifs returned
by DREME clearly. However, it is necessary to return this relatively large number of the
putative motifs in order to include the majority, if not all, of the true motifs in the dataset.

Our algorithm DePCRM is designed to filter out spurious motifs as many as possible
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while keeping the true ones. Thus, we use these 130,821 motifs as the input of the
algorithm. DePCRM first identifies highly co-occurring motif pairs (CPs) in each dataset
by computing a co-occurring score (S¢) for each pair of putative motifs found in each
dataset using formula 1.2. As shown in Figure 2.5A, the distribution of S is strongly
skewed toward right, indicating that the low-scoring Gaussian-like component is likely
due to the motif pairs that occurred by chance, thus are spurious. To find a proper cutoff
for Sc such that most of motif-pairs occurred by chance are filtered out while most of the
true motifs and motif pairs are kept, we plot the motif number and VISTA enhancer
coverage as a function of the S¢ cutoff a. As shown in Figure 2.5B, when 0=0.6,
123,233 (94.2%) of the 130821 input motifs are filtered out; and 16,142,379 (99.9%) of
the 16,161,265 CPs are filtered out; meanwhile only 19 enhancer segments from VISTA
which overlaps with our predicted CREs are lost. Thus, we chose Sc>0=0.6 as the cutoft.
This results in 18,886 (18,886/16,161,265=0.12%) CPs containing 7,603

(7,603/130,821=5.8%) motifs for further analysis.
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Figure 2.5. A. Distribution of S¢ scores. B. The remaining proportion (red line) of the
motifs found in the datasets as a function of S¢ score cutoff. Recovery rate of the VISTA
enhancer segments (blue line) as a function of S¢ score cutoft.
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To further enrich true motif pairs and motifs, the algorithm identifies repeatedly

used CPs by clustering highly similar CPs in different datasets. Thus, for each pair of CPs
from different datasets, we calculate the Sscore using formula 1.3. Then we construct a
CP similarity graph using the CPs as the nodes, and the Ssscores as the weights on the
edges (Methods). As shown in Figure 2.6A, with the increase in 3, the density of the
graph drops rapidly, but the dropping starts slowing down around  =1.38; meanwhile
the number of nodes (CPs) in the graph starts decreasing rapidly around [ =1.368
(Figure 7B). Thus, we set B =1.38 to construct the CP similarity graph (Methods).
Applying the Markov chain clustering (MCL) algorithm [137] to the graph resulted in
2,444 CP clusters (CPCs) containing 7,851 (7,851/18,886=41.6%) CPs and 5,665

(5,665/7,603 =74.5%) motifs.
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Figure 2.6. A. The density of the CP similarity graph drops rapidly with the increase in
the Ss cutoff B, but the trend of decrease slows down around 3 =1.38. B. The number of
CRM in the graph also starts to drop rapidly around $=1.38. Thus, we set § = 1.38 for
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construing the final CP similarity graph. C. The distribution of CPC co-occurring scores
Scrc is well separated into a low-scoring component and a high-scoring component. The
vertical line indicates the Scpc cutoff y = 0.58 at the deepest valley between the two
peaks, for constructing the CPC co-occurring graph.

In order to identify larger combinatorial motif patterns, we calculate Scpc for each
pair of CPCs using formula 1.5. As shown in Figure 2.6, the distribution of Scpc displays a
well-separated bimodal distribution, and the low-scoring peak is likely mainly due to
random motif patterns, while the high-scoring one is more likely attributable to truly co-
acting motifs, thus we considered CPC pairs with an Scpc >y = 0.58 (at the valley between
the two peaks) for further analysis. This result is consistent with our CRM prediction in
D. melanogaster genome. We apply the MCL algorithm to the resulting CPC co-
occurring graph, and found a total of 2,032 CRMCs (Figure 2.7). Overall, 125,156

(95.7%) motifs are filtered out from the original 130,821 input motifs by the algorithm,

suggesting that majority of the motifs found in the dataset are spurious predictions.
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Figure 2.7. Structures of the 2,032 CRMCs.

connected graph represents a CRMC.

Given the fact that extensive overlaps exist among datasets and motifs found in

them, the resulting 5,665 motifs may contain duplicates. The duplicated motifs are likely

to be recognized by the same TF or closely related ones. Thus, they need to be combined

into non-redundant and unique ones. We iteratively clustered the final 5,665 motifs based

on their similarities (Methods), resulting in 636 clusters (Figure 2.8). We consider each

cluster as a unique motif and refer to it as a Umotif, each containing 1~259 highly similar
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motifs and 8~394,519 CREs (Supplementary file 4 Table S6). When compared with the
known motifs from Jolma et. al [115] and JASPAR CORE vertebrate [140], 317 (49.8%)
Umotifs are highly similar to known motifs in Human at p<0.001, suggesting that they
are highly likely to be true motifs. For example, as shown in Figure 2.9, Umotif 13 and
Umotif 14 are very similar to the binding profile of MA0162.2 and MAO131.1,
respectively, and the member of both Umotifs are very similar to one another,. We
replaced the motifs in the CRMCs with the Umotifs that they belonged to, and each of the
CRMC:s is represented by their constituent Umotifs. Some CRMCs contain the same
combination of Umotifs. Thus, we merged them in a unique one, resulting in 1,991

CRMCs.
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is a member motif, and each connected graph represents a Umotif.
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Figure 2.9. A. Umotif 13 and its known motif hit MA0162.1, and its three member
motifs. B. Umotif 14 and its known motif hit MA0131.1, and its three member motifs.

2.4.4 Genome-Wide Prediction of CREs and CRMs in the Human Genome

Projecting the CREs in these 1,991 CRMCs back to the human genome (Methods)
resulted in a total of 5,186,520 non-overlapping CREs, with 78,640 (1.5%) of which
being entirely located in CDRs. These 5,186,520 CREs cover 47,268,468bp (5.4%)
genome sequence, of which 46,779,082bp (94.9%) are in NCRs, consisting of 1.5% of
NCRs; the remaining 489,386bp (1.0%) are in CDRs, consisting of 0.6% of CDRs
(Figure 2.2 and Table 2.1). By connecting these putative CREs (Methods), we predicted a
total of 807,365 non-overlapping CRMs, 726,954 (90.0%) of which are entirely located
in NCRs, and the remaining 80,411 (10.0%) contain CDRs. These 807,365 CRMs cover
216,940,383bp (6.9%) of genome sequence, 212,922,722bp (98.1%) of which are in

NCRs, consisting 7.0% of NCRs; the remaining 4,017,661bp (1.9%) are in CDRs,
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consisting of 5.2% of CDRs (Figure 2.2 and Table 2.1). These putative CRMs tend to
have shorter lengths than those of the known CRMs (Figure 2.10A). Furthermore, the
putative CRMs harbor 2 to 2,199 CREs with a median of 6, only a small portion of the
putative CRMs tends to have a short distance between adjacent two putative CREs
(Figure 2.10B). These results suggest that we might have missed certain CREs in the
predicted CRMs, particularly at the two ends, presumably due to insufficient information
in the limited number of available ChIP datasets used in this study. In other words, some
of our predictions might consist of only a part of real CRMs with possible missing CREs
at the two ends of the CRM. Clearly, in order to make more accurate and complete

predictions, more and highly diverse ChIP datasets are needed.
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Figure 2.10. A. Distribution of the lengths of the known and predicted CRMs. B.
Distribution of the distances (bs) between two adjacent CREs.

2.4.5 Predicted CRMs and CREs Are More Conserve Than Randomly Selected
Sequences.

It is widely recognized that functional elements such as protein-coding exons,
non-coding RNAs, and regulatory sequences usually are under more selective constrains,
thus are more likely to be conserved than non-functional sequences that are selectively

neutral. Therefore, we first evaluate our predicted CRMs and CRE by comparing the
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conversation levels of the nucleotides in the putative CRMs and CREs with those of the
same number and length sequences randomly selected from relevant background
sequences. We quantified the conservation levels of each nucleotide using the GERP++
scores [141]. GERP++ (gerpcol) estimates the substitution rate on each position of
multiple alignments of genomic sequences from human and 33 other mammalian species,
and provides a rejected substitution (RS) score for the nucleotides at the position relative
to selectively neutral sequences. Thus a positive RS score indicates that the position has
been under purifying selection, thus is conserved; a negative RS score means that the
position has been under positive selection; and a RS score around 0 suggest that the
position is selectively neutral or nearly so. As shown in Figure 2.11A, although the
average conservation score of both putative CRMs and randomly selected sequences
from NCR (repeated by 50 times) have a bell-shape distribution, they are significantly
different (p<2.2x10-302, Kolmogorov—Smirnov test). Specifically, the randomly selected
NCR sequences have a left-skewed and much narrower peak distribution centered at 0
than do the putative CRMs (Figure 2.11A), indicating the randomly selected NCR
sequences are largely selectively neutral or not conserved. By contrast, the predicted
CRMs have a lightly right-skewed and much broader distribution (Figure 2.11A) than do
the randomly selected NCR sequences, indicating that our predicted CRMs are more
likely to be under purifying selection and thus conserved. As the spacing sequences
between CREs in a CRM may not necessarily be functional and conserved, we next
compared average RS scores of putative CREs in each of the 726,954 predicted CRMs in
NCRs with those of the same number and length sequences randomly selected from

NCRs. As expected, although the distribution of average RS scores for the randomly
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selected sequences for CREs in a CRM (Figure 2.11B) are very similar to that for the
randomly selected sequences for CRMs (Figure 2.11A), the distribution for CREs in a
CRM (Figure 2.11B) is much more right-skewed than that for CRMs (Figure 2.11A).
Consequently, the difference between the two new distributions (Figure 2.11B) is more
contrast than between the two earlier distributions (Figure 2.11A), in particular in the
high RS score (> 0.2) range. Specifically, in Figure 2.11A, 17.09% of the predicted
CRMs have a RS score greater than 0.2 comparing to 9.73% of the randomly selected
sequences, the difference is 17.9%-9.73%=8.17%. In figure 2.11B, 23.87% of the
predicted CRMs have a RS score greater than 0.2 comparing to 13.57% of the randomly
selected sequences, the difference is 23.87%-13.57%=10.3%. Hence, putative CREs in a
CRM as a whole are even much more conserved than the randomly selected NCRs, and
also more conserved than spacer sequences in the putative CRMs.

We further compared average RS scores of nucleotides in single CREs in the
5,083,613 predicted CRMs in NCRs and in the 78,640 predicted CRMs in CDRs with
those of the same number and length sequences randomly selected from NCRs and
CDRs, respectively. Interestingly, as shown in Figure 2.11C, the predicted individual
CREs in NCRs are either more likely to be highly conserved with a RS score greater than
0.2 (35.28%), or more likely to be moderately positively selected with a RS score within
[-0.5, -2] (30.8%) compared with the randomly selected sequences. Therefore, the
putative individual CREs in the NCRs are likely to be authentic as functional elements
can either under negative or positive selections. Intriguingly, as shown in Figure 2.11D,
even though both individual CREs in CDRs and randomly selected CDR sequences

display a bimodal distribution with one peaking at the RS score around 0 and the other
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peaking at a large positive RS value, they shows significant differences. First, the peak
around RS=0 for CREs in CDRs are very small, indicating that CREs in CDRs are
largely either negatively or positively selected, very few are selectively neutral. By
contrast, a large peak around RS=0 for randomly selected CDR sequences, indicate a
considerate portion of randomly selected CDRs is selectively neutral. Second, the high-
scoring peak for randomly selected CDRs is more right-skewed than that for CREs in
CDRs, while the low-scoring peak for CREs in CDRs is more left-skewed than that for
randomly selected CDRs. These results suggest that randomly selected CDRs are more
likely to be strongly negatively selected than CREs in CDRs, and that CREs in CDRs are
more likely to be positively selected. These findings might help to solve the long-
standing question whether or not CREs in CDRs have dual functions: serving both as
coding sequences and regulatory sequences. The lower RS scores of the some CREs in
CDRs than those of randomly selected CDRs might indicate that these CREs is under
less coding constrain, allowing them to be versatile enough to gain the regulatory
functions while still possibly coding for a spacer in the protein sequences. On the other
hand, individual CREs in CDRs are more conserved than those in NCRs (Figures 2.11C
and 2.11D), strongly suggesting that CREs in CDRs are under more evolutionary
constraints that the CREs in NCRs, thus they may also have coding functions in addition

to regulatory functions.
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Figure 2.11. A. Distribution of average RS scores of the predicted CRMs in NCRs and of
the same number and length sequences randomly selected from NCRs. B. Distribution of
average RS scores of all putative CREs in a predicted CRMs in NCRs and of the same
number and length sequences randomly selected from NCRs. C. Distribution of average
RS scores of single predicted CREs in NCRs and of the same number and length
sequences randomly selected from NCRs. D. Distribution of average RS scores of single
predicted CREs in CDRs and of the same number and length sequences randomly
selected from CDRs.

2.4.6 Functional Elements Revealed by Independent Studies Are Highly Enriched
in Predicted CRMs

To further evaluate our predicted CREs and CRMs, we analyzed the enrichment
of trait-linked SNPs in our predictions. Of the 30,572 SNPs documented in the dbGAP
database, 14,344 (46.9%) are located in our extended biding peaks in the datasets that
cover 34.8% of the genome, indicating that these SNPs are already highly enriched in the
datasets. This result is not surprising as it has been shown that about 95% of these trait-
linked SNPs are located in the NCRs, and most likely are in the regulatory sequences

[10]. We then wanted to know how well these 14,344 SNPs that were already enriched in
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our input datasets could be further enriched in our predicted CRMs by the algorithm. To
this end, we consider a SNP is recovered by our predicted CRM if it is within a window
of 200bs to our predicted CRMs, considering the possibility that a SNP itself may not
necessarily be functional but in disequilibrium with nearby functional sequences.
Remarkably, 7,001 (48.81%) of the 14,344 SNPs were recovered by the predicted CRMs.
By contrast, when the same number and length sequences were randomly selected from
the genome regions that are covered by the datasets, only 34.22% (repeated 50 times)
(Figure 2.12A) of the 14,344 SNPs were recovered. Thus, the SNPs were further enriched
in our predicted CRMs by 14.59% compared with a naive way that randomly selects
sequences from ChIP datasets that are already highly enriched for the SNPs.

Furthermore, DHSs are the regions in the genome that have less condense
structure, and are open (sensitive) to cleavage by DNase I enzyme in certain cell types
and tissues. They are also likely bound by TFs in these cell types and tissues, and work as
CRMs. A large number of DHSs in 125 human cell or tissue types have been recently
determined by the ENCODE consortium, thus, we used them as additional lines of
independent evidence to further validate our predicted CRMs. We consider a DHS is
recovered by a predicted CRMs if the DHS overlaps with at least one putative CRE in the
predicted CRM because our predicted CRMs always start and end with a putative CRE.
Of the 1,281,988 non-overlapping DHSs provided by the ENCODE consortium, 815,790
(63.63%) are located in our input datasets, indicating that they are also highly enriched in
the datasets. As shown in Figure 2.12B, 437,397 (50.96%) of the DHSs in the datasets are
recovered by our predicted CRMs. By contrast, the same number and length sequenced

randomly selected from the dataset can only recover 252,630 (29.43%) of the DHSs.
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Thus, the DHSs were further enriched in our predicted CRMs by 36.37% compared with
a naive way that randomly selects sequences from ChIP datasets that are already highly
enriched for the DHSs.

Additionally, we validated our predicted CRMs with enhancer segments from
VISTA [135]. Of the 850 experimentally verified enhancer segments from VISTA, 625
(73.53%) are located in our input datasets. Although we used them to help set the S
cutoff in the very early step of the algorithm, if our algorithm does not work, they can
still be lost during filtering process of the algorithm as vast majority of input motif and
CPs are dropped out by the algorithm. However, 558 (89.28%) of the 625 enhancers were
recovered by the algorithm. By contrast, the same number and length sequence as the
predicted CRMs. randomly selected from the datasets could only recover an average of
403 (64.47%) of enhancer segments (Figure 2.12C). Taken together, all these three lines
of independent evidence indicate that our algorithm has achieved a high recovery rate of

possible CRMs.
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Figure 2.12. A. Enrichment of trait-linked SNPs in the predicted CRMs. B. Enrichment of
DNase I hypersensitive sites in the predicted CRMs. C. Enrichment of VISTA enhancer
segments in the predicted CRMs.

2.4.7 Prediction Saturation Analysis

Next, we analyzed the trends of changes in the numbers of CRMCs and Umotifs
predicted using an increasing number of datasets in three scenarios: 1) an increasing
number of the datasets for different TFs in the same cell type or tissue; 2) an increasing
number of datasets in different cell types or tissues for the same TF; and 3) an increasing
number of datasets randomly selected from all the datasets.

For the first scenario, we used cell lines in which enough number of datasets for
different TFs are available, including K562 (the first human immortalised myelogenous
leukemia cell line), GM 12878 (a lymphoblastoid cell line) and Helas3 (a sub-clone of the
HeLa cell line), in which 62, 65 and 39 datasets are available, respectively. The results

based on the datasets in K562 are shown in Figures 2.13A and 2.13B, in which we
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plotted the first to fourth quarter trend lines. The decreasing slopes of these trend lines
clearly indicate a saturation trend for both the predicted Umotifs (Figure 2.13A) and
CRMCs (Figure 2.13B) with the increasing number of datasets used. Surprisingly, the
trends of saturation begin to be notable when as few as 5~9 datasets were used for the
predictions. The saturation trends for both cases can be well fitted to a sigmoid function
(formula 2.2). Extrapolation of the fitting functions suggests that up to 959 Umotifs and
5,489 of their combinatorial patterns in the form of CRMCs using enough datasets in the
K562 cells, and that the current 62 datasets in K562 covers 31.55% (300) of all possible
Umotifs (959) and 16.18% (883) of all possible CRMCs (5,489) that potentially function
in the K562 cells (Table 2.2, Table 2.3). Additionally, as shown in the Figure 2.14, the
fitting curve also shows that the contribution by increasing number of datasets decreases
as more datasets are used. Thus, it is would be beneficial to understand the optimal
number of datasets to be produced in each cell or tissue type to predict a desired
proportion of Umotifs or CRMCs for the highest cost efficiency. We attempted to answer
this question using the fitting function, and the results are shown in Table 2.2 and 2.3 for
Umotifs and CRMCs, respectively. For example, in cell line K562, if one wants to
identify 70% of the Umotifs that possible works as CRMC, he/she might need 733
datasets for different TFs; and if one wants to increase the percentage to 80%, then he/she
might need 1,071 datasets (338 more) for different TFs, assuming the same level of
diversity of the TFs used to generate the datasets as those used in the analysis. Similar
results were obtained using datasets in the GM12878 and HeLaS3 cell lines as shown

Figures 15 to Figure 18.
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Table 2.2. Number of datasets needed for predicting desired portions of Umotifs based on
the fitting function.

. Cell line TF
% of Umotifs
Gm12878 K562 HelaS3 CTCF NFKB NRSF TAF1  Random
50% 97 173 104 97 35 201 9 251
55% 125 225 130 128 45 263 11 333
60% 162 294 165 168 57 345 13 443
65% 215 390 212 224 74 459 15 596
70% 282 526 275 305 98 622 19 821
75% 386 733 368 428 132 868 23 1165
80% 554 1071 513 632 187 1274 31 1742
85% 858 1695 767 1011 285 2021 42 2816
90% 1534 3114 1310 1874 498 3737 63 5403

Table 2.3 Number of datasets needed for predicting desired portions of CRMCs based on
the fitting function.

Cell line TF
% of CRMCs
Gm12878 K562 HelaS3 CTCF NFKB NRSF  Random
50% 226 355 226 36 43 100 192
55% 279 439 276 44 52 121 209
60% 345 545 339 55 63 149 227
65% 431 683 420 69 76 185 248
70% 546 870 529 88 94 232 272
75% 709 1135 681 116 119 298 301
80% 957 1539 909 158 154 396 339
85% 1376 2219 1291 229 213 560 391
90% 2214 3597 2056 377 326 888 472

Table 2.4 Number of datasets used in this project and their portions of Umotifs and
CRMCs based on the fitting function.

Cell line TF
Gm1287
8 K562 HelaS3 CTCF NFKB NRSF TAF1 Random
Datasets used 65 62 39 9 11 10 10 359

% of Umotif 42.11% 31.55% 30.12% 14.69% 27.72% 9.50% 53.80% 56.37%
% of CRMC 23.24% 16.18% 14.91% 21.95% 18.58% 9.07% n/a 82.07%
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Figure 2.13. The number of recovered Umotifs (A) and CRMCs (B) in the K562 cells
show a trend of saturation with the increase in the number of datasets used. The data
point is presented using box-plot based on 50 repeats.
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Figure 2.17. The number of recovered Umotifs (A) and CRMCs (B) in the HelaS3 cells
show a trend of saturation with the increase in the number of datasets used. The data
point is presented using box-plot based on 50 repeats.
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Figure 2.18 Extrapolation of the saturation trends of the number of recovered Umotifs
(A) and CRMSs (B) based on the datasets in the HelaS3 cells.

For the second scenario, We used well studied TFs for which a relatively large
number of datasets are available in different cell or tissue types, including CTCF,
involved in insulator activity[142], V(D)J recombination [143], and regulation of
chromatin architecture[144], for which nine datasets are available in different cell lines;

NF-kB, involved in the immune and inflammatory responses, developmental processes,
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cellular growth, and apoptosis, for which 11 datasets are available; NRSF, involved in the
repression of neural genes in non-neuronal cells[145], for which 10 datasets are available;
and TAF1, binding to the core promoter to position the polymerase properly and
coordinating other related proteins for the initiation of transcription, for which 10 datasets
are available. The results based on the nine datasets for NF-kB are shown in Figures
2.19A and Figure 2.19B, in which we only plotted, the first and second half saturation
trend lines instead of four-quarters due to the lack of enough number of datasets.
Interestingly, similar to the finding in the first scenario, the trends of saturation become
notable when as few as 5 and 7 datasets were used for the predictions of Umotifs and
CRMCs (Figure 2.19A, 2.19B), respectively. The results for both the Umotifs and
CRMC:s recovery numbers can be well fitted to a sigmoid function (Figure 2.20). Similar
analyses were obtained for the TFs CTCF, NRSF and TAF1 as shown in Figures 21~26,
except the fitting of the CRMC recovery number for TAF1 to the function cannot

converge, for which more data might be needed for a successful fitting.
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Figure 2.19. The number of recovered Umotifs (A) and CRMCs (B) for TF NF-kB show
a trend of saturation with the increase in the number of datasets used from different cell
types and tissues. The data point is presented using box-plot based on 50 repeats.
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Figure 2.20 A. Simulation of the saturation trend based on the Umotif recovery number in
TF NF-kB. B. Simulation of the saturation trend based on the CRMC recovery number in

TF NF-kB.
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Figure 2.21. The number of recovered Umotifs (A) and CRMCs (B) for TF CTCF show a
trend of saturation with the increase in the number of datasets used from different cell
types and tissues. The data point is presented using box-plot based on 50 repeats.
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Figure 2.22 Extrapolation of the saturation trends of the number of recovered Umotifs
(A) and CRMSs (B) based on the datasets using TF CTCF.
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trend of saturation with the increase in the number of datasets used from different cell
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For the third scenario, we used randomly selected datasets with size of 100, 200,
250 and 300 to calculate the number of Umotifs and CRMCs we could predict. As shown
in Figure 2.27A and 2.27B, both the numbers of putative Umotifs and CRMCs increased
rapidly with the increase in the number of datasets used, but they entered a saturation
phase when 200, and 250 datasets were used. Both the numbers can be well fitted the

situation functions, with quite different parameters. Interestingly, the fitting of the
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CRMCs data indicates that one can barely find the CRMCs using only a few randomly
selected datasets, which makes sense because the chance for the relevant TFs to work
together is very slim. However, when the number of datasets increased from 8 to 200, the
number of CRMCs increased dramatically Extrapolation of the fitting function suggest
that we could predict 1,128 Umotifs and 2,425 CMCs using a sufficiently large number
of datasets with similar levels of diversity as the 359 datasets used this study, and that we
have predicted about 636 (56.37%) of the 1,128 Umotifs and 1,991 (82.07%) of the 2,425
CRMC:s using the available datasets. However, the rapid saturation of both the predicted
Umotifs and CRMCs after 300 datasets were used, suggesting that it will not be cost
effectively to generate more datasets with similar level of the diversity of the 148 TFs in

the 68 different cell and tissue types.
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Figure 2.27 A. Simulation of saturation trend based on Umotifs recovered by different
size of randomly selected datasets. B. Simulation of saturation trend based on CRMCs
recovered by different size of randomly selected datasets.

2.5. Discussion

We designed the DePCRM algorithm largely based on the fact that similar TF

combinatorial patterns are often repeatedly used to regulate multiple similar or different

regulons in different cell types, tissues, developmental stages or physiologically
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conditions. As the number of possible combinations of TFs is extremely large, DePCRM
identifies possible real motif combinatorial patterns in a sufficiently large number of
ChIP datasets through iteratively filtering out randomly occurring spurious motifs,
thereby effectively reducing the searching space in each step. In order for the algorithm
to make reasonable predictions, the ChIP datasets have to be sufficiently large and
diverse, so that they are likely to include datasets for cooperative TFs in different cell
types, tissues, developmental stages and physiological conditions. Having successfully
demonstrated that DePCRM works on the D. Melanogaster genome, in this Chapter, we
applied the algorithm to the much larger human genome with more and bigger ChIP
datasets. In order to make it work more efficiently on large human datasets we modified
the algorithm by splitting the large dataset into smaller ones. Such splitting has little
effect on the motif-finding results, due probably to the information redundancy in large
ChIP datasets. The modified DePCRM successfully worked on the human genome and
rendered comparable results to those on the D. Melanogaster genome.

The results of conservation analysis on our predicted CREs and CRMs for the
human genome is consistent with those for the D. melanogaster genome though different
conversation measures were used: our predicted CREs and CRMs are more conserved
than randomly selected sequences of the same length from NCRs. In particular,
individual CREs in CRMs are more like to have gone either strongly negative selection,
or moderately positive selection (Figure 2.11C), indicating that they are highly likely to
be functional. This observation is in excellent agreement with the consensus that
regulatory sequences tend to be more conserved due to negative selection, or to undergo

rapid turnover by degrading existing CREs (death), or gaining new CREs (birth) due to
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positive selection, a process called CRE turnover [112]. CRE turnover plays a more
pivotal role in functional evolution of organisms than previously thought [110, 113],
including the evolution for human-specific functions including intelligence.

Our predictions of numerous CREs in CDRs provide us an opportunity to address
the long-standing question whether or not CREs in CDRs can serve both as coding and
regulatory functions. On one hand, CREs in CDRs are generally more conserved than
those in NCRs (Figures 2.11C vs 2.11D), suggesting that CREs in CDRs are under
stronger negative selection than the CREs in NCRs, thus may also have coding functions.
On the other hand, interestingly, CREs in CDRs are less likely to be selectively neutral,
rather, they tend to be either positively or negatively selected. In the scenario of negative
selection of CREs in CDRs, the selection pressure tends to weaker than that for randomly
selected CDRs (Figure 2.11D). Thus CREs in CDRs might be more flexible to gain the
regulatory functions while still possibly coding for a spacer in the protein sequences. In
particular, a considerable proportion of randomly selected CDRs are selectively neutral
(Figure 2.11D), they might be candidates to adapt novel functions including turning into
CREs. However, the generality of these observations needs to be further verified in other
larger mammal genomes as the same results were not seen in the D. melanogaster
genome in which predicted CREs in CDRs are as conserved as the randomly selected
CDRs (Figure 1.14D).

By the design of the DePCRM algorithm, theoretically, we need a sufficient
number of ChIP-seq datasets to make a meaningful CRE and CRM prediction, if the
datasets are produced by randomly selected TFs and cell or tissue types. Moreover, in

order to predict all the CREs and CRMs in a genome, we need an even more sufficient
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number of datasets that are also diverse enough to include information of all possible
combinatory regulations of TFs in the genome. So what is the status of the current
datasets in humans to reach the ultimate goal of predicting complete maps of CREs and
CRMs in the genome, and are these datasets produced cost effectively for the purpose?

We addressed these questions by analyzing the saturation trends of the numbers of
predicted Umotifs and CRMCs under three scenarios based on the 359 datasets collected
for 148 TFs in 68 different cell and tissue types in humans. In all the three scenarios, the
trends of saturation appeared when only a few datasets were used, suggesting that the
datasets are biased to the well-studied cooperative TFs in the cell or tissue types, and this
strategy is highly effective for revealing the functional CREs and CRMs in the cells lines
and combinatorial utilization of specific TFs. Moreover, the saturation numbers of
Umotifs predicted using datasets in different cell or tissue types for specific TFs are in
good agreement with the known functions of the TFs. For instance, the saturation
number of Umotif for TF CTCF is the highest (1618, Figure 2.22) among all the four TFs
evaluated (536, 267 and 205 for Nrsf, Nf-KB and TAF, respectively). This result is
consistent with the fact that CTCF generally binds insulators in all cell types tested [146].
Interestingly, except for CTCF, the saturation numbers of Umotifs predicted for specific
TFs tested are smaller than those using datasets in specific cells for different TFs (960,
765 and 698 in cell lines K562, GM 12878 and HelaS3, respectively) (Figure 2.14, 2.16,
2.18, 2.20, and 2.24). This discrepancy might suggest that these TFs only function in a
limited number of cell lines tested and that there is a larger number of tested TFs working
together in these cell lines. Furthermore, our saturation analysis suggests that we can

potentially predict up to 1,128 Umotifs and 2,425 CRMCs using more than 1,000 datasets
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with similar level of diversity as the 359 datasets used this study, and that our predictions
using these datasets have recovered 56.37% and 82.07% of the saturation numbers of
Umotifs and CRMCs, respectively (Table 2.4). Thus including more datasets with similar
level of diversity to the existing datasets is no longer cost effective, rather more diverse
TFs and cell lines or tissues should be used to generate more diverse datasets to recover
more Umotifs and CRMCs in the human genome. Specifically, as the majority of cell or
tissue types used in current studies are immortal cell lines, and all the TFs used are well
studied ones, thus more primary tissues and less studied TFs should be included the
generation of ChIP-seq datasets in the future. If TFs and cell types are appropriately
combined to generate new datasets as the existing 359 datasets, we estimate that we need
another 720 datasets in 296 cell or tissue types for 136 TFs to predict a complete map of
CREs and CRMs in the human genome.

In addition, our results might allow us to estimate the size or proportion of the
human genome that are involved in transcriptional regulation. Within the 359 datasets
covering about one third (34.8%) the genome, we can potentially predict ~1,100 Umotifs
and ~2,500 CRMCs. If these results are extendable, then we predict that the human
genome would encode at three times these numbers of Umotifs and CRMCs. In other
words, we estimate that there are about 3,300 Umotifs and 7,500 CRMCs encoded in the
human genome. The number of total Umotifs is consistent with the number of TFs in the
human genome, which is 2,000~3,000 as estimated by [147] and 2,886 according to the
DBD database [148]. Additionally, using these 359 datasets, our predicted CREs and
CRMs covers 1.5% and 6.9% of the human genome, and 99% and 98.1% of which are in

NCRs, respectively, (Table 2.1 and Figure 2.2). Assuming that these results are
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extendable to the other two thirds of the genome that are not covered by our datasets,
then we estimate that 4.5% and 20.70% of the genome, or 4.46% and 20.31% of the
NCRs, might code for CREs and CRMs (constituent CREs plus spacer sequences),
respectively. Furthermore as 32.2% of putative CRMs in NCRs are conserved with an RS
score >0, 6.5% of genomes covered by predicted CRMs would be conserved. As 1.23%
of the genome are conserved CDRs [132], we estimate that 7.73% of human genome are
conserved, which is in agreement with the recent estimation that that approximately 7%

of the human genome are conserved [141].



CHAPTER 3: EVOLUTION OF CRMS FROM DROSOPHILA
MELANOGASTER TO HUMANS

3.1 Abstract

Despite the large evolution distance between human and D. melanogaster, a
considerable portion of their genes, as well as expression patterns, are highly conserved
[149-151]. Such conservation allows researchers to develop models for a variety of
human diseases. The conservation of DNA binding domains in TFs may imply the
conservation of their binding motifs. However, a genome scale comparison of the GRN's
is still absent due to the lack of detailed information for such a comparison. In this study,
we used our predicted CREs and CRMs in the two gnomes, to elucidate the conservation
and variation of the GRNs from the perspective of motif composition of CRMCs and
orthologous gene groups that are potentially regulated by the relevant CRMs. We found
that 62 pairs of CRMCs were conserved both in motif composition and target genes,
1,865 pairs of the CRMCs were conserved in motif composition but not target genes; and
428 pairs of functionally related gene groups were conserved, but regulated by CRMs
with different motif composition. Thus, although a large portion of CRMs are conserved
in their motif composition, their target genes have been largely changed, meaning that the
majority of the GRNs have been rewired during the evolution from D. melanogaster to

humans.
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3.2 Introduction

D. Melanogaster, one of the most studied model animal, shows extensive
conservation with humans at the levels of gene, pathway, organ and behavior [31]. This
conservation helps researchers successfully develop models for a variety of human
diseases: nervous system-related diseases [32]; various muscular dystrophies [33-35];
responses to infection by human pathogens (e.g. [36, 37]); multi-symptom inherited
disorders[38, 39]; heart disease [40, 41]; and cancer [42, 43]. Nearly 75% of human
disease-causing genes have a functional homolog in D. melanogaster [152, 153]. Overall
identity at the nucleotide level between D. melanogaster and mammals is approximately
40% between homologous genes, and in conserved functional domains, it can be 80% to
90% or higher [154]. Studies also show that some enhancers are conserved between the
two species, and are highly likely to perform the similar functions [155-157]. Efforts
have been made to construct a regulatory map of specific TFs in the two species, such as
the RNA regulatory map between TFs Passilla(PS) in humans and their othologs
NOVAIL/2 in D. melanogaster [158]. However, since cis-regulatory systems tend to
evolve much faster than the coding sequences [131], it remains to be seen the extent to
which the cis-regulatory systems are conserved in the two organisms through a
systematic comparison of their cis-regulatory systems. Our accurate predictions of the
CREs and CRMs in the two genomes allow us to conduct a comprehensive comparison of
the cis-regulatory systems in the two species. We found that although a large portion of
CRMs is conserved in their motif composition in the two species, their target genes have
been largely changed. Thus, the majority of the GRNs have been rewired during the

evolution from D. melanogaster to humans.
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3.3 Materials and Methods

3.3.1 Materials

We used the results from Chapters 1 and 2, including the 184 Umotifs, 746
CRMCs, 115,932 CRMs, and 14,647 target genes predicted in the D. melanogaster
genome, and the 636 Umotifs, 1,991 CRMCs, 807,365 CRMs, and 17,561 target genes
predicted in the human genome. Refseq mRNA and ncRNA IDs were downloaded from
the NCBI website [159].

3.3.2 Mapping CRMCs between the Two Genomes by Target Gene Groups

We used DRSC Integrative Ortholog Prediction Tool (DIOPT) to predict
orthologs between the D. melanogaster and human genomes. DIOPT integrates the
results of 10 widely used orthologs prediction tools [31]. To make the analysis under a
more stringent condition, we define that a CRM belongs to a CRMC only if the CRM
contains at least one CRE of every Umotifs of the CRMC. For each such CRM, we
assign it a potential target gene by the following rules: if the CRM is located in a NCRs,
we assign it the gene whose transcription starting site (TSS) is the closest to the CRM; if
the CRM is in an exon of a gene, we assign it the adjacent gene with the closest TSS to
the CRM. Thus, for each CRMC, we have a target gene group that are potentially
regulated by the CRMs of the CRMC. For target gene groups G, and G, of CRMCs m
and A, each being from D. melanogaster and humans, respectively, we compute a score
Sorth (m, h):

0
Soren(m, h) = F——3 3.1
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where O is the number of genes that have orthologous relationships in G, and Gy,

Nn the number of genes in Gn. Thus, Sorth (m, /) measures the level of conservation
between the target genes of CRMCs m and # as illustrated in Figure 3.1. For each CRMC
in humans we find its corresponding CRMC in D. melanogaster, which has the highest
Sorth(m, k), and do the same for each CRMC in D. melanogaster. We call each of these

CRMC pairs a best S, hit from humans to D. melanogaster and vice versa.

D. Mel CRMCX Human CRMCY
Orthologs
Genel < » Gene 1
Gene 2 /
Gen Gene 3
Gene 4 Gene 4
Gene S Gene>5

Gene 6 /

Figure 3.1. Illustration of the orthologous relationship between the target genes of two
CRMC:s from D. melanogaster and humans.

3.3.3 Mapping CRMCs between the Two Genomes by Motif Composition.

We calculate the motif similarities between motifs in the human and D.
melanogaster genomes using SPIC [125]. For each pair of the CRMCs m and /4 from

human and D. melanogaster, respectively, we compute a score for their similarity,
Ssim(m, ) = Max(, %) (SPIC(My (1), My (1)) ) /Min My, M),
SPIC(M,,, My,) = 0.5, (3.2)

where, M(i) and Mj(j) are motifs i and j from the CRMCs m and 4, respectively.

In computing Ssin, we consider all possible pairing between the motifs in m and A, and
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sum up the similarity scores of all the pairs. However, we ignore motif pairs that have a
similarity score (SPIC) lower than 0.5, as these pairs may increase noise and thus
difficulty in identifying similar CRMCs. Then, we compare the total similarities scores of
all the possible motif pairs, and divide the highest one by the minimum number of motifs
in m or h. The result is the similarity score between the two CRMCs m and 4 from D.
melanogaster and human. Figure 3.2 shows an example of computing Ssn. For each
CRMC in human, we find its corresponding D. melanogaster CRMC with the highest
Ssim(m, k), and do the same for each CRMC in D. melanogaster. We call each of these

CRMC pairs a best S hit from humans to D. melanogaster and vice versa.

Human Human Human

motifl motif2 motif3 Human motifl motif2 motif3
D. mel 0.62 0,%7 Q45 I /
motifl D.mel  motifl motif2
D.mel | 085 053 0.8 Score = 0.62+0.8 = 1.42
motif2

Figure 3.2 Illustration of calculating Ssin between a CRMC in D. melanogaster containing
two motifs, and a CRMC in human, containing three motifs.
3.4 Results and Discussion

3.4.1 There are Extensive Orthologs between Humans and D. melanogaster

DIOPT integrates the results of 10 ortholog prediction tools that are based on
phylogeny-algorithms (e.g. TreeFam, Phylome, Ensembl Compara), sequence similarity
(e.g. InParanoid, orthoMCL and OMA) and protein-protein interaction (PPI) networks
(e.g. NetworkBLAST, IsoBase). DIOPT predicts orthologous relationships between
genes in two organisms using a weighed score of the individual tools. The higher the

score, the more consent all the tools reaches. On the other hand, the higher the score, the
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fewer ortholog relationships can be found due to the higher stringency. As shown in
Figure 3.3A, at the DIOPT score cutoff 2, the decrease in the number of genes that may
have orthologs between humans and D. Melanogaster, and in the number of orthologous
pairs starts to slow down, thus, we chose 2 as the DIOPT score cutoff for the subsequent
analysis, which renders 12,218 orthologous pairs between 6,998 D. Melanogaster genes

and 10,903 Human genes (Figure 3.3B), because multiple mapping is allowed by DIOPT.

A 20000 B
——Human Gene
16000 A —D.mel Gene

+£12000 1 Orthologous Pair human genes

3 (22,333)

O 8000 —

4000 A
O 3 i & & 3 . [69sDmelgenes «, 10,903 human genes
Orthologous Score Cutoff 12218 pairs

Figure 3.3. A. Number of genes that may have an ortholog and number of orthologous
pairs, as a function of the DIOPT score cutoff B. Van diagram shows the orthologous
relationsips between the human and D. melanogaster genes at a DIOPT score cutoff of 2.
Many-to-many mapping is allowed by DIOPT.

3.4.2 Diverse Groups of Genes are Regulated by Conserved CRMCs in D.
melanogaster and Humans.

We first asked how the CRMCs are conserved in their putative target genes of
between D. melanogaster and humans. The distributions of the S, scores for the best
hits from Human CRMCs to D. melanogaster CRMCs and vice versa show that almost
all the CRMC pairs for both directions of comparison have S,,;, score less than 0.35
(Figure 3.4). This means that almost all CRMCs have less than ~35% of their target

genes conserved between the two species. Moreover, even with a S,,., cutoff of 0.04,
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only 17 pairs of CRMCs are bidirectional best hit (BDBH) pairs for the S,,.;j, score, i.e.,
each of the CRMCs in the pair is the best hit of the other in the two directions of
comparison. These results suggest that the CRMCs have largely changed their target
genes since the separation of the two species from their last common ancestor.
Interestingly, the distribution for best hit S, scores from D. melanogaster to human
shifts to right relative to that for the other way of comparison, indicating that co-regulated
genes in D. melanogaster are more likely to have co-regulated orthologs in humans than
are co-regulated human genes in D. melanogaster. This might be due to the fact that
humans have evolved more additional ways and more complex cis-regulation
mechanisms than does D. melanogaster, as also endorsed by our results that we have

identified more CRMCs in human (1991) than in D. melanogaster (746).

0.14 -
0.12 A —Best Hit of Human CRMCs
s, 0.1 4 Best Hit of D.mel CRMCs
%0.08 -
©0.06 -
O0.04 -
0.02 A

0 T T T 1
0 0.1 0.3 0.4

0.2
S Score
Figure 3.4. Distribution of S,,¢; scores for best hit CRMC pairs from human and D.

melanogaster and vice versa.

3.4.3 CRMCs Tend to be Conserved in Their Motif Components between
Humans and D. melanogaster

We then asked how the CRMCs are conserved in motif compositions between D.

melanogaster and humans. To this end, we first find the similar motifs between the two
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species. As shown in Figure 3.5, the pairs from D. melanogaster to humans tend to have a
higher similarity score than the pairs from human to D. melanogaster, probably due to the
same aforementioned reasons for the conservation of target gene groups of the CRMCs.
In this context, we identified more Umotifs in the human (634) than in D. melanogaster
(184). In both directions of comparison, a large portion of best hit motif pairs have a
score >0.5. As we have shown in Chapter 2 that two motifs with a SPIC score > 0.5 are
highly similar to each other, thus a large portion of TF binding motifs are likely
conserved between the two species. Furthermore, 85 motif pairs are BDBHs, meaning
that the two motifs in a pair are best hits of each other in the two directions of
comparison. These BDBH pairs tend to have a higher similarity scores than those that are
only best hit in one direction of comparison (Figure 3.5), suggesting that they are more
likely to have orthologous relationships. These results are consistent with, and can be at
least partially explained by the fact that the DNA binding domains of many TFs in the
two organisms are largely conserved.

Using TOMTOM [88] we were able to predict the cognate TFs of some of these
BDBH motif pairs in both organisms. The putative cognate TFs for a BDBH motif pair
are often evolutionarily related. The top 5 BDBH motif pairs, their similarity scores and
putative cognate TFs are shown in Figure 3.6. The cognate TFs for the third pair of
Umotifs (Umotifs 605 in human and 131 in D. melanogaster) are POUSF1 and PDM2 in
human and D. melanogaster, respectively, and POUSF1 and PDM2 are orthologs
according to DIOPT at a score of 2. Moreover, for the fourth pair of motifs, the cognate

TF NFIIL3 for human motif 216 is the ortholog of the cognate TF VRI for D.
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melanogaster motif 46. However, to make a more stringent analysis, we will only

consider the motif pairs with a SPIC similarity score >0.5 in the subsequent analysis.

0.2 - —Best Hit of Human Motifs
—Best Hit of D.mel Motifs
0.15 4 —Bidirectional Best Hit
P
2 0.1 A
O]
(@]
0.05 “
0 T T T 1
0 0.25 0.5 0.75 1

Motif Similarity

Figure 3.5 Distribution of motif similarity scores of best hits from human to D.
melanogaster, from D. melanogaster to human, and the bidirectional best hits.

Top 5 2.0 20 2.0 2.0 20
Human %1.0 %10 C %1.0 A %1.0 c %w A
0. 0 0. 0. 0.0 C
352" 79" 605 21677 47"
D.ME| 8.0 240 84 840 C 2490
0. 0. C 0.0 T T 0 A A
14 13 131 a6 327
Similarity 0.99 0.99 0.97 0.95 0.94

Figure 3.6. Examples of the top 5 bidirectional best-hit motif pairs between D.
melanogaster and human; the similarity scores are shown under the logos.

Based on these identified best hit motif pairs, we analyzed the conservation of
CRMC:s for their motif compositions in the two organisms. As shown in Figure 3.7, the
distribution of best hit Ssin scores shows a similar trend to that of best hit motif similarity

scores (Figure 3.5) in that the Ssm scores from D. melanogaster to humans tend to be
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higher than those from human to D. melanogaster. Moreover, 85 CRMC pairs are
BDBHs for the Sgm scores, which tend to have the highest scores. These result suggests
that not only motifs, but also a large number of motif combinatory usages are conserved
between D. melanogaster and human. However, the result that only a few (17) BDBH
CRMCs can be identified using Sorn score, suggests that the motifs composition of CRMs
are more conserved than their target genes. In other words, the same or similar CRMs are
used to regulate different set of genes, i.e., the GRNs have been largely rewired during

the evolution from D. melanogaster to humans.

0.25 - ——Best Hit of Human CRMCs
—Best Hit of D.mel CRMCs
0.2 4 ——Bidjirectional Best Hit
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S 0.1
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0 0.25 0.5 0.75 1

S.in,Score
Figure 3.7. A. Distribution of score Ssim of best hits from human to D. melanogaster and

from D. melanogaster to human, and bidirectional best hits, respectively.

3.4.4 Three Scenarios of the Evolution of CRMCs

We noted that there is no case where a CRMC pair is a best hit for both the So/m
and Ssin scores for either from D. melanogaster to humans, or from human to D.
melanogaster comparisons, needless to say the possibility of BDBH CRMC pairs for
both the Ssim and Son scores between the two organisms. These results again strongly
suggest that the GRNs have been largely rewired during the speciation of the two

organisms. To further investigate the relationships between a CRMCs best hit S and the
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corresponding S, scores and vice versa, we plotted the two scores for each CRMC in
both the genomes for both comparisons. Overall, there is little correlation between a
CRMC’s best-hit Sgn core and the corresponding S, score for both comparisons
(Figures 3.8A and 3.8B), and the same is true for a CRMC’s best-hit So- core and the
corresponding Sy score for both comparisons (Figure 3.8C and 3.8D). However,
interestingly, the distributions of CRMCs in these two plots for each comparison are

almost exclusive, and there are clearly a few patterns worth noting.
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Figure 3.8. A. Relationship between the best hit Ssin score of a D. melanogaster CRMC
with the corresponding So score for D. melanogaster to human comparison. B.
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(Continued) Relationship between the best hit Sy score of a human CRMC with the
corresponding S, score for human to D. melanogaster comparison. C. Relationship
between of the best hit Sy score of a D. melanogaster CRMC with the corresponding
Ssim score for D. melanogaster to human comparison. D. Relationship between the best
hit Sorn score of a human CRMC with the corresponding Sin score for human to D.
melanogaster comparison.

First, there are very few CRMCs with a relatively low best hit Sy score but a
high corresponding Si» score (Figures 3.8C and 3.8D), suggesting that there are very few
CRMCs that are conversed in motif compositions when their target genes are not
conserved. By contrast, there are a large number of CRMCs with a high best-hit Sq;» score
but a relatively low corresponding S, score (Figures 3.8A and 3.8B), indicating that a
large number of CRMCs are conserved in their motif composition, but might have
adapted new functions during the course of evolution. For example, as shown in Figure
3.9, CRMC 1801 in human consisting of three motifs, Umotif 95, 473 and 535, and
CRMC 676 in D. melanogaster consisting of three motifs, motif 10, 12 and motif 23,
have a best hit Sy» score of 0.783, thus they are very similar to each other, respectively.
By contrast, their corresponding Soq score is as low as 0.04. Of the 832 and 2,965
putative target genes of CRMCs 1801 and 676, 777 and 2,395 have GO-term assigned,
respectively. These putative target genes of CRMC 676 in D. melanogaster are enriched
for imaginal disc development, cell motion and transcription activity, while those of the
CRMC 1801 in human are enriched with for quite different functions, including
regulation of metabolic process, cell adhesion and neuron development. Thus, these two

CRMCs regulate groups of genes with quite different functions using highly similar

motifs and thus likely similar TFs.
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Figure 3.9 Umotifs of human CRMC 1801 and D. melanogaster CRMC 676.

Second, there is virtually no case where a CRMC has a very low best hit Ssinm
score but a high corresponding Sy score (Figures 3.8A and 3.8B), indicating that when a
CRMC:s is not conserved in its motif composition, it also change its target genes. By
contrast, there are a considerable number of CRMCs with a high best-hit S, score but
almost zero corresponding Ssin score (Figures 3.8C and 3.8D), indicating that functionally
similar groups of genes are can be regulated by different combination of motifs. These
genes might have changed their regulators during the course of evolution. For example,
human CRMC 1053 consisting of Umoits 99 and 103, and D. melanogaster CRMC 71
consisting of Umotifs 13, 14, and 45, have an Ssn Score = 0, meaning that the similarity
score between any of the possible motif pairs is less than 0.5, thus they are not similar to
each other (Figure 3.10). However, the So.» score between the two CRMC:s is as high as
0.18. Both of their target gene groups are enriched for transcriptional regulation, cell
morphogenesis, neurogenesis regulation, neuron development, and phosphorus metabolic

process.
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Figure 3.10. Umotifs of human CRMC 1053 and D. melanogaster CRMC 71.

Third, although there are very few CRMCs with both a high best hit S, score
and a high corresponding Ssin score (Figures 3.8C and 3.8D), there are some CRMCs with
both a high best-hit Sy, score and a high corresponding S, (Figures 3.8A and 3.8B).
Thus, these latter CRMCs are conserved in both motif compositions and target genes. For
example, human CRMC 1645 consisting of two Umotifs 128 and 323, and D.
melanogater CRMC 364 consisting of two Umotifs 4 and 35, have both a high best-hit
Ssim (0.5737) and a high corresponding Sy (0.1912) score. These motifs are highly
similar to each other, respectively (Figure 3.11). Moreover, of the 2,028 and 1614 targets
genes assigned to the CRMCs 1645 and 364, 1938 and 1491 have GO-term assignments,
and they are both enriched for transcription regulation, neuron development, and

cytoskeleton organization.



.‘21_0 -‘91.0
Human CRMC 1645 = A &
0. = 0.
Umotif 128 Umtoif 323
2.0 2.0
D. mef CRMC 364 %1.0 B0 C
Q. é 0.
Umotif 35 Umotif 4

Figure 3.11 Umotifs of human CRMC 1645 and D. melanogaster CRMC 364.
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CHAPTER 4: CONCLUSION

In this dissertation, we aimed to develop and novel algorithm to predict CREs and
CRMs in large eukaryotic genomes by effectively integrating a large number of big
ChIP-seq datasets in the organisms, and predict a comprehensive map of CREs and
CRMs in major model organisms and humans. Our results presented in Chapters 1~3
indicate that we have largely achieved the goals.

In chapter 1, we developed the DePCRM algorithm that predicts CREs and CRMs
in a genome by identifying over-represented combinatorial motifs patterns in a large
number of ChIP datasets. We evaluated the algorithm using 168 ChIP datasets for 56 TFs
in D. melanogaster. We identified 184 over-represented CRE motifs and their 746
combinatorial patterns, and predicted a total of 115,932 CRMs in the genome. We
validated our results using the known CRMs in the REDfly database [80], and recovered
77.9% of known CRMs in the datasets, and 89.3% of known CRMs containing at least
one predicted CRE. Our predicted CRE and CRMs in the NCRs are more conserved than
randomly selected NCRs, thus our predictions are highly likely to be functional. By
extrapolating the our predictions based these currently available ChIP-seq datasets, we
predict that 11.9% and 65% of the D. melanogaster genome code for CREs and CRMs,
respectively, which is consistent with the results from comparative genomics analysis.

In Chapter 2, we applied the DePCRM algorithm to the human genome using 359

ChIP-seq datasets for 148 TFs in 68 different types. Although the datasets from human
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cells or tissues are much larger than those form C. melanogaster tissues, the algorithm
works as efficiently on the human ChIP-seq datasets as on the D. melanogaster datasets
as we split the very big datasets into small ones without compromising motif finding. We
identified 636 overrepresented motifs, 1,991 of their combinatorial patterns and 807,365,
CRMs in the genome. As in the case for D. melanogaster genome, the predicted CREs
and CRMs in NCRs tend to be more conserved than randomly selected NCRs.
Furthermore, the predicted CRMs can recover 18.28% of known CRMs in the VISTA
database, and are highly enriched for both DHSs, and trait-linked SNPs from dbGAP. We
also analyzed the trend of saturation of the predicted CRMCs and Umotifs using
increasing numbers of datasets in specific cell types, for specific TFs and randomly
selected datasets. By extrapolating the our predictions using the currently available ChIP-
seq datasets, we predict that 4.3% and 19.8% of the human genome might code for CRE
and CRMs, respectively, which as in the case of D. melanogaster, is consistent with the
results from comparative genomics analysis. We found that the trends of saturation of
both Umotifs and CRMCs become notable when a few datasets are used in all the three
scenarios. Based the trends of such saturation, we are able to predict the number of
datasets needed to cover a certain the proportion of CRMCs and Umotifs in the cell or
tissue types, for the TFs and in the whole genome, which can be used to guide experiment
design for more cost efficiency.

In Chapter 3, we capitalized on the large number of high quality CREs and CRMs
in the D. melanogaster and human genomes predicted in the previous Chapters, and
analyzed the conservation and variation of CRMs and their target genes between the two

genomes. We found 85 BDBH Umotifs pairs, and 12,218 orthologs gene pairs between
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the two genomes, suggesting that a larger number of motifs and genes are conserved in
the two species. Moreover, a large number of CRMCs are conserved in their motif
composition, but not their target genes, while a considerable number CRMCs are
conserved in their target genes but not their motif composition. Only a small number of
CRMCs are conserved in both their motif composition and target genes. Thus, the GRNs
have been largely rewired sine the separation of the two species from their last common
ancestor.

To summarize, we have developed a novel, efficient and accurate algorithm for de
novo prediction of CREs and CRMs in eukaryotic genomes by integrating a large number
of ChIP-seq datasets. The algorithm is robust to work in both relatively small compact
genomes such as the D. melanogaster genome and very large sparse genomes such as the
human genome. Using this algorithm, we have predicted so-far the most comprehensive
CRE and CRMs maps the D. melanogaster and human genomes. With more ChIP-seq
datasets available in the future, this algorithm will be very useful for deciphering the cis-

regulatory codes in the genomes.
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