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Abstract

The degrees of expression of the hundreds of genes in a eukaryotic cell influence its
phenotype and functioning. The binding of proteins such as transcription factors
to particular regulatory regions on the DNA play an important role in this process
of regulation of gene expression. Mutations in these regulatory regions can affect
the gene expression and can often lead to misregulation resulting in disorders and
diseases. Therefore, to profile a wide range of regulation related biochemical activ-
ities, a variety of high-throughput experimental assays have been designed. They
give a genome wide map of the regions having certain common characteristics for
which they have been profiled. Some of the examples include STARR-seq which
recognizes active enhancers, ATAC-seq, that detects accessible chromatin, ChIP-
seq, which is used to identify TF binding sites. These assays report regions that are
200 to 1000 bases long, although the functional elements present in these regions
are = 15 bases in length. Current computational algorithms look for a common
characteristic within these reported regions to identify these short sequence signa-
tures. Evidence, however, suggests that these regions reported by the experiments
have considerable heterogeneity in them. In fact, while these methods can pick
up on the stronger signals, they can easily miss out on the weaker or less frequent

ones.

In order to explicitly characterize the heterogeneity in these regions, I consid-
ered the question as a mixture modelling problem. Our first method, DIVERSITY,
was developed to cluster regions from a ChIP-seq experiment into groups while si-
multaneously learning sequence signatures specific to each group in a de novo
manner. DIVERSITY provides novel insights into the different ways in which a
protein can bind DNA, including co-operative binding with other proteins. We
next looked at regions identified by exonuclease-based ChIP experiments. They

measure the exonuclease activity very close to the actual protein binding sites with
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high precision, characterizing those regions with sharp read profile distributions.
Our next method ExoDiversity models these regions by learning a joint probability
distribution over the distinct ChIP-exo read signals in the forward and the reverse
strands and the DNA sequences. It could resolve the binding footprints of the pro-
filed TFs at nucleotide level resolution. These differences correlated with distinct
DNA structure properties and sequence conservation profiles, implying that they
are likely to have some functional importance. Finally, we investigated the varied
mechanisms of TF binding at the regulatory regions. The combinatorial control ex-
hibited by the TFs at these were modelled by our method CISDIVERSITY. Without
requiring any prior knowledge of TF, cell type or organism CISDIVERSITY could
determine discrete regulatory modules with particular combinations of TF binding
sites when it was applied to multiple datasets across diverse types of species. We
believe that our model-based approach of explaining the data in terms of various
sequence components provides a comprehensive understanding of the regulatory

information encoded in the data.
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Chapter 1

Introduction

1.1 Introduction

Higher multicellular organisms are made up of millions of cells which have diverse
functions and structure. They can be grouped into different types based on the
functions they perform, and the morphological traits shared by the cells in a same
group. Although all the cells contain the same genomic content, cells belonging
to different cell types have different phenotypic features as well as some specific
biological processes occurring within them. These differences arise out of variations
in the expression levels of the thousands of genes present in the genome. Differential
gene expression makes the stem cells capable of differentiating into a variety of
specialized cell types without losing any genetic information.

Gene expression is the process by which the information encoded in the genes is
used to form functional elements in the cell, like RNA molecules, proteins. Regu-
lation of the amount of the genetic products formed is carried out by activating or
suppressing the expression of one or more groups of genes. This forms the corner-
stone of cell differentiation, morphogenesis and is also responsible for the different
biochemical processes in a cell. This regulation can take place at the many stages
of gene expression, for example, during chromatin remodeling, transcription initi-
ation, post transcriptional modifications, translation etc.

At the first stage of gene expression, genetic information is transferred from
the DNA to the mRNA. The production of mRNA is guided by the process of
transcriptional regulation. This is a highly dynamic and complex process which

involves participation by many entities and encompass a number of steps like spe-
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cific protein-DNA interactions to form different protein complexes, assembly of
the transcription initiation machinery, and participation of different types of non-
coding RNAs that control the production of the final protein [Casamassimi and
Ciccodicola [2019]. The rate of transcription and thus in turn the amount of mRNA
produced is primarily controlled by the transcription factors (TFs) that bind to
the DNA. The regions on the DNA at which these TFs bind are called regulatory
regions. The combinatorial binding of the TFs at these regulatory regions along
with their interactions with other regulatory elements determine the mechanism
of transcriptional regulation of the target genes. Variations in these regulatory
regions, even small ones, can lead to changes in gene expression. The transcrip-
tion factors binding to that region may no longer bind with the same affinity, and
this can alter the intended functionality of the target gene. In such cases, even
though the genes are perfectly normal, their transcription gets affected, which sub-
sequently leads to diseases and disorders. Mutations and epigenomic abberations
in the regulatory regions of the DNA have been found to be one of the main causes
for development of cancer |Weinhold et al. [2014]. These variations also give rise to
neurological disorders, diabetes, along with many other diseases Levine and Tjian
[2003]. Thus, identifying these regulatory regions and understanding the role of
the transcription factors associated with them is crucial in decoding the process
of transcriptional regulation. These regulatory regions are mostly located in the
non-coding parts of the DNA and are a lot more in number as compared to the
genes. Also, unlike the coding regions or the genes, which have more defined struc-
ture, regulatory regions have variable structures and more sequence variation even
at the transcription factor binding sites. They may be located thousands of base
pairs away from the target gene, and thus even after being identified, it is difficult
to confirm which are the genes a particular regulatory region is affecting. With the
non-coding part of the DNA forming the major part of the genome (98% of the
human genome), it is a challenging job to identify and annotate these regulatory
regions Sheffield and Furey| [2012].

Due to the technological improvements in sequencing and computation it is now
possible to investigate the entire genome for particular biochemical activities and
this has been a major step towards identifying and characterizing the regulatory

regions based on their functions.

Next generation sequencing (NGS) technologies have rapidly evolved, allowing
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us to sequence DNA and RNA with a high throughput and at low cost, producing
large volumes of data from different experiments. Analyzing and interpreting this
data is essential to develop an effective understanding of how different regulatory
regions control gene expression. Different consortia like ENCyclopedia of DNA
Elements (ENCODE), Genome Reference Consortium have put together datasets
from various high throughput experiments along with maintaining and updating
the reference genomes of a wide range of organisms. This data is made available
to the scientific community to be analyzed using diverse techniques to form a
comprehensive understanding from different perspectives.

In this chapter, we will describe the various stages of gene regulation and look
into some of the details of the first step of transcriptional regulation. Then we will
review the types of regulatory regions and their functions. This will be followed
by understanding transcriptional misregulation and appreciating its importance
by discussing some of the examples of the cases of misregultaion. After that, we
will describe the high throughput sequencing experiments that are used to identify
and characterize the regulatory regions and the processes involved in the analyses

of the experimental data.

1.2 Regulation of gene expression

Higher eukaryotic organisms have a large number of genes that code for an even
greater number of proteins. The human genome is estimated to contain around
20,000 genes across the 23 pairs of chromosomes Salzberg [2018|. However, not
all genes are active in any given cell at any point of time. The cell controls which
genes are turned on and at what time, depending on the intended function. For
example, the eye color in human is mostly determined by proteins formed from
two adjacent genes HERC2 and OCAZ2 in chromosome 15 while a different set of
genes, called HOX genes, regulate the formation of bones in developing limbs.
Gene expression comprises several steps, and the cell can regulate any of these

to modulate the expression levels.

i. Transcriptional control: The process of transcription copies the genetic
information from the DNA to the primary RNA transcript. It is initiated
by the binding of transcription factors to several regulatory regions across

the DNA that ultimately help recruit the specific polymerase enzyme. The
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11.

iii.

v.

interactions of the transcription factors with different regulatory regions de-
termine under what conditions transcription should proceed and to what

levels.

Post transcriptional modifications: It involves several processing steps
by which a primary RNA transcript is modified into forming either a func-
tional RNA molecule that can then move out of the nucleus to the cytoplasm
to perform different functions or can be rendered non-functional. The steps
involve capping, splicing, addition of a poly-A tail at the 3’ end and edits to
the poly-A tail; all of which can be controlled by the cell.

RNA transport: After the mRNA molecules undergo the above processing
steps, they are associated with certain proteins that control the next phases
in their life cycle. They move from the nucleus to the cytoplasm, close to the
site where the final protein molecule is needed. The process of translation is
repressed during their journey and is only activated when the mRNAs reach

their final destination.

Translation control: This step involves the translation of mRNAs into pro-
teins, and its regulation controls the final levels of protein synthesis. There
are 2 general modes of control at the level of translation- the global level in
which the translation of most mRNAs in a cell are regulated, and mRNA-
specific control in which the translation of a specific group of mRNA is modu-
lated. The regulatory sequences present in the mRNA like internal ribosome-
entry sequences can initiate cap-independent translation, while sequences like
upstream open reading frames (WORFs) mainly reduce translation from the
main open reading frame. Also, the activities of the translation-initiation
factors are mostly limited and changes in their activity results in changes in

the global protein synthesis (Gebauer and Hentze [2004].

mRNA degradation: mRNAs get degraded in the cell cytoplasm, depend-
ing upon their stability. The poly-A tail of the mRNA is shortened by ex-
onucleases which leads to the destabilization of the cap binding complex and
the degradation machinery (RNAse enzymes and protein complexes) then
breaks down the mRNA molecule. The mRNAs which are actively trans-

lated undergo a slower degradation process than the inactive ones.
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Thus we see that gene expression is a highly complex process, which can be
regulated at every step and the cell can use a combination of these regulatory
stages to determine its fate as well as its functions. Although the process of gene
expression can be regulated at all the above stages, initiation of transcription is a

key regulatory point for many genes.

1.3 Transcriptional regulation

Transcription of genes is strictly governed by the spatial and temporal organization
of the chromatin (which is composed of the associated DNA and the histone pro-
teins) and the transcription factors binding to the regulatory regions in the DNA.
Transcription factors will not be able to bind to the DNA by being merely present
in the cell, as their target sequences may be inaccessible due to the tightly wound
structure of the chromatin. The chromatin has to be in an open state, facilitating
the binding of the transcription factors to initiate transcription of a gene. Here,
we outline the roles of the chromatin and the transcription factors in the process
of transcription.

Chromatin accessibility: Chromatin is generally packaged as either highly
condensed heterochromatin or the more open euchromatin. Heterochromatin ren-
ders the DNA inaccessible to transcription factor binding, while euchromatin con-
sists of DNA which is accessible to the transcription machinery. The condensed
form of the chromatin contains DNA wrapped around a core of an octamer of his-
tone proteins, forming nucleosomes. The compact DNA is opened up by chromatin
remodelers to change the chromatin structure dynamically. This is achieved by the
remodeling or sliding of nucleosomes, by altering the histone-DNA contacts or by
making histone modifications [Tyagi et al.|[2016]. It can bring about the formation
of chromatin loops, which enables contacts between distal regulatory elements that
help to govern the finer regulation of the transcription process.

Transcription factors Transcription and its regulation are driven by the bind-
ing of specific protein factors called transcription factors (TFs) to the regulatory
regions of the genome. However, binding to the DNA alone is not sufficient for
a transcription factor to affect transcription. It has to interact with other pro-
teins called cofactors and in some cases also with the RNA polymerase in order

to control the activation as well as rate of transcription. Transcription factors are
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themselves regulated at many different levels that ranges from their synthesis to
regulating their activity through signal transduction pathways as well as the inter-
play between various cofactors. Certain TFs are required for some of the common
functionalities across all cell types and are thus ubiquitous, while other TFs are

cell type specific.

Transcription factors contain DNA-binding domains that they use to bind to
the specific regulatory regions like promoters and enhancers. The TFs that bind
to the promoter regions near the transcription start site can act as activators
and help form the transcription initiation complex, or they can act as repressors
by preventing the binding of the RNA polymerase enzyme. TFs binding to the
enhancer regions can either stimulate or repress the transcription of the related
gene. These enhancer sequences can occur within cis-regulatory regions as well as
thousands of base pairs away from the target gene, and mostly harbor more than a
single TF-binding site. TFs participate in co-operative binding with other TFs and
also in forming protein complexes wherein they might not directly bind the DNA
but bring about interactions between promoter and enhancer regions through the
other DNA bound TFs.

Thus, it is important for the transcription factors to recognize the correct DNA
sequences and bind to that at the right point of time to perform their precise
role in regulating gene expression. Variations in the sequence structure, either
due to unavailability of the binding sites due to epigenetic reasons or because
of mutations in the nucleotide sequence, can lead to misregulation. While the
mutations in the protein-coding regions of the genes have been extensively studied
and associated with human genetic diseases, interpreting the functional importance
of the mutations in the non-coding regions of the genome have been challenging.
The extensive non-coding regions contain the binding sites of several transcription
factors, and changes sometimes as small as a single base pair mutation can lead
to developmental disorders, neurological disorders and even cancer. We will now
discuss the different types of regulatory regions that are present in the non-coding

part of the genome and their roles in regulating transcription.
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Figure 1.1: Cis-regulatory elements (Reproduced from Maston et al. Annu. Rev.
Genomics Hum. Genet. 2006)

1.4 Cis-regulatory elements

Transcriptional regulatory units Fig. [1.1]in eukaryotic cells can be classified as core
promoter elements, proximal promoter elements, enhancers, silencers, insulators

and locus control regions |Maston et al. [2006].

Core promoter The core promoter is a region located at the start of a gene and
serves as a binding site for regulatory proteins which facilitates the organization
and formation of the transcription pre-initiation complex. The core promoters can
be broadly divided into two classes: those that have a single transcription start
site (T'SS) or a cluster of TSSs over a narrow region and those that have a broad
range of potential T'SSs over a 50-100 bp region Carninci et al.| [2006], which often

have an overrepresentation of CpG islands.

Proximal promoter It consists of the region immediately upstream (upto a few
hundred base pairs) from the core promoter and can contain multiple binding sites
for activator proteins. They also serve as tethering elements for active distant
enhancers that bring about their interactions with the core promoter Su et al.
[1991].

Enhancers They are regions on the genome that increase the transcription of
a gene containing a promoter by up regulating the rate of formation and bind-

ing of the pre-initiation complex to the core promoter. Enhancers contain closely
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grouped clusters of transcription factor binding sites, which act in a modular fash-
ion such that a single promoter region can be acted upon by distinct enhancer
elements under different conditions. These enhancer regions can be located up or
downstream of the TSS, as far as 10 kb or 100kb away |Consortium et al.| [2007]
and are brought into the proximity of the promoters by of DNA looping.

Silencers Silencers are sequence-specific elements that cause a down regulation
in gene expression and serve as binding sites for negative transcription factors
called repressors. They may be located far from the target gene, or in its intron
or in its 3’ untranslated region. Silencers can act over short range (within ~ 100

bp) or have long range interactions via different cofactors |Courey and Jia/ [2001].

Insulators Insulators, also called boundary elements, block the transcriptional
activity of neighbouring genes. They have two main properties: enhancer blocking
activity whereby they can block enhancer-promoter interaction and heterochromatin-
barrier activity in which they prevent the spread of heterochromatin. Their func-

tioning is position dependent but orientation independent.

Locus control regions They are groups of regulatory elements that are involved
in regulating an entire locus or gene clusters [Li et al|[2002]. They are composed
of multiple cis-acting elements including enhancers, silencers, insulators and chro-
mosome scaffold-attachment regions. Each of these components have their own
effects on gene expression, and their collective activity defines the functionality of
the locus control regions (LCR).They can regulate gene expression in a position-
independent manner from a large distance and are characterized by strong, specific
enhancer activity.

Disruption of the normal functioning of the genes can arise because of different
types of events happening at these regulatory regions. Structural variations like
chromosomal rearrangements can lead to an active enhancer being redirected to
regulate genes that are not their originaltargets,s resulting in activation of onco-
genes. Enrichment of single nucleotide polymorphisms (SNPs) in the enhancer
regions are also hallmarks of many diseases including diabetes, immune diseases
among others |Claringbould and Zaugg [2021]. Sequence variations can be at a

single nucleotide level, or it may even span several bases and can occur at indi-
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vidual sites of promoters or enhancers or in a group of regulatory regions (Cooper
[1992].

1.5 Transcriptional misregulation

Mutations or sequence modifications that disrupt the functions of the regulatory
elements lead to gene dysregulation, which in turn causes an imbalance in the gene
products. This can give rise to abnormalities in phenotype along with different
diseases like cancer, neurological disorders, developmental syndromes, diabetes,
cardiovascular disease among others Lee and Young| [2013]. The DNA changes
that can occur in these functional elements making them unfavourable involve
translocations, deletions, duplications, insertions and point mutations. Here we
list some of the examples of such misregulation.

The congenital abnormality preaxial polydactyly or extra digits in humans is
an example of misregulation due to a point mutation in the regulatory region of
the responsible gene. The expression of signalling molecule Sonic hedgehog (SHH)
in developing limb bud is affected by changes in the regulatory region called ZRS
of SHH gene, which is located 1 Mb upstream in another gene cluster. A single
nucleotide variation in the ZRS region results in the loss of expression symmetry,
which affects the development of digits in the limbs |Lettice et al.[[2003].

Mutations in the proximal promoter of the Gp1b5 gene causes reduced GATA-1
binding, which in turn reduces its gene expression. This leads to a disorder in blood
clotting called the Bernard-Soulier Syndrome. Another case is that of mutations
in the LCR of the a-globin or -globin genes, which are responsible for production
of hemoglobin in the body. Deletions in the DNA upstream of these genes lead to
diseases a-thalassemia or S-thalassemia.

One example of neurological disorders is the increased susceptibility to Alzheimer’s
disease (AD) because of misregulation of the genes associated with the production
and clearance of amyloid-B peptide in the brain. The expression levels of the AD
genes must be very tightly controlled to keep a balanced amount of amyloid-B
peptide in the brain under normal physiological conditions. Misregulation of these
AD genes have been found to increase the risk of early onset of Alzheimer’s disease
or accelerate the disease progression Chen et al.| [2013]

The variations in the regulatory regions associated with diseases are most often
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found in regions that are activated in a cell type specific manner, and the diseases
are corresponding to that cell type or tissue. In order to understand which of these
regulatory regions are active under different conditions in different cell types, we
need to study which components of these regulatory regions are engaged in the
regulational activity. One way to investigate this is by examining the transcrip-
tion factor binding sites present in these regions and the mechanisms involved in
the protein-DNA and the protein-protein interactions that ultimately affect the
regulation of transcription. Determining the binding specificities of different tran-
scription factors is a complex problem as it is influenced by which structural class
the transcription factor protein belongs to, the length of the DNA sequence the
TF binds to, whether the TF is involved in co-operative binding with other TFs
at the binding sites. Here we describe a commonly used representation of the
DNA sequence motif called the Position Weight Matrix (PWM) or Position Spe-
cific Scoring Matrix (PSSM) which capture the TF binding specificity to a certain

extent.

1.6 Motif model

TFs generally bind to short DNA sequences, which are 10 to 20 bp in length. A
single TF can bind to a set of DNA sequences that are similar but not exactly the
same, with different binding affinities. These sequences with a similar repetitive
pattern constitute the TF binding motif. Some of the positions in the motif can
have variability in the nucleotide bases present there, while other positions might
have a fixed base. Several models have been used to represent the binding speci-
ficity at each position in the motif. We use the standard model of PSSM, with
the assumption that the bases present at each position in the motif contribute
independently to the binding profile of the TF. The PSSM for a transcription fac-
tor motif is built from all the TF binding sequences where every column contains
either the frequencies of the bases A,C,G,T or their probabilities at each position
within the binding site. Thus, each column in the PSSM represents an independent
categorical distribution over the 4 bases present at that position |Ambrosini et al.
[2020], Boeval [2016]. The PSSM matrices for TF motifs are usually generated by
aligning the putative TF binding sites obtained from protein binding microarrays

(PBMs) or from high throughput assays for genome wide mapping of TF binding
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Figure 1.2: Motif model

sites like chromatin immunoprecipitation (ChIP)-based experiments. By system-
atically assimilating the data from different experiments the PWMs of thousands
of TFs are now available across several motif databases such as JASPAR [Khanl
HOCOMOCO [Kulakovskiy et al| [2018], TRANSFAC
[2006], UniPROBE |[Hume et al|[2015]. Using the probabilities of the bases at each
position within the binding site, we can score other nucleotide sequences to obtain

the probability of the sequence being a binding site. This method can also be used
to scan sequences with PWMs of known motifs to detect possible binding sites of
a TF of interest. A graphical visualization of the TF motifs is the sequence logo
Schneider and Stephens| [1990]. The height of the stack of bases in each position
of the logo is given in terms of the information content at that position in number
of bits. If the length of the motif is w then the height of the stack at position ¢
is given by R; = maximum entropy — entropy at position ¢ (H;). The height of

each base at position ¢ in the logo is proportional to the probability of that base
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at position 1.

R; = logs(4) — H; fori=1,...w
H; = Z Pai X 1092(Pai)  Pa. is probability of base a at position 4
a€{A,C,G,T}

In the following section, we will discuss various high throughput sequencing
methods to identify regulatory regions and the downstream processing of the data
obtained from such experiments. To understand the functions of these regulatory
regions, we examine the transcription factor binding sites present in them. These
binding sites are modelled as DNA sequence motifs, and we use the approach of
de novo motif discovery to learn the binding specificity of the TF at each of the

binding sites.

1.7 High throughput sequencing experiments

With advancements in sequencing technologies, many high throughput sequencing-
based experiments have been developed to identify different regulatory regions
across the genome based on their distinct characteristics. Some of these experi-
ments map entire open regions in the chromatin or regions that can be enhancers or
promoters, while other experiments are focused on detecting the binding locations
of a particular target protein. We would be going over a few specific experiments

of these types in details next.

1.7.1 Experiments to identify TF binding sites: Chromatin

immunoprecipitation-based
Chromatin Immunoprecipitation followed by sequencing (ChIP-seq)

One of the most commonly used techniques to investigate the transcription factor
binding sites in vivo, is chromatin immunoprecipitation [Schmidt et al.[[2009], Park
[2009]. It involves cross linking the DNA binding proteins to the DNA by treating
the cells with formaldehyde which is followed by cell lysis and shearing of the chro-
matin by sonication. The sheared chromatin is then immunoprecipitated using

an antibody specific to the target protein, which could be a transcription factor
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or a histone modification. Histone modifications are post translational modifica-
tions that include acetylation, methylation or phosphorylation of histone proteins.
They are known to play important roles in transcriptional regulation by recruiting
chromatin remodelling enzymes and other proteins with specific enzymatic activi-
ties. Multiple histone acetylations are known to be enriched at enhancer elements
that facilitate TF access. The crosslinking in the precipitated fragments are then
reversed, and the DNA is purified. After ligating known primers to the DNA,
these fragments are amplified using Polymerase Chain Reaction (PCR). The PCR
amplified library is sequenced as reads of length about 36 to 100 bp using high-
throughput sequencing. The reads are then mapped to the genome using alignment
tools |Langmead et al.| [2009], |Li and Durbin [2009]. It has been observed that a
large number of these reads form stacks or peaks near the binding site of the TF
or the histone modification on both the forward and reverse strands of the DNA.
Many methods have been developed to identify these peak regions (MACS2,GEM)
Zhang et al.[[2008|, |(Guo et al.[[2012] which are typically 200 to 1000 bp in length.
However, the actual protein binding sites are shorter subsequences of length ~ 20
bp, which are present somewhere within each peak region reported by the ex-
periment. The next step in analyzing these peak regions involve finding the TF
binding sequence components or motifs in them. This is done in broadly two differ-
ent ways: de novo motif discovery from the DNA sequences corresponding to the
peak regions; and scanning and ranking these sequences for the presence of known
DNA motifs. Popular motif discovery methods look for a common sequence sig-
nature or an overrepresented motif within these DNA sequences that can provide
the locations of the binding sites of the target TF. ChIP-seq has emerged as a
robust and improved method with a higher resolution than its array-based prede-
cessor, ChIP-chip, and has found applications in profiling different other features
along the genome. It is used in profiling nucleosome level features like nucleosome
positioning |Schones et al.| [2008] and also mapping histone variants |Wang et al.
[2008].

Although ChIP-seq has improved resolution over the previous methods, the
variable sized DNA fragments generated during sonication still give a broad region
as representative of the genomic TF binding site. Also, since it does not precisely
delimit the binding sites, it is unable to resolve positional information between

different motifs within binding sites in cases where the TF binds as a dimer or
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participate in cooperative binding with another TF. To ameliorate the problems
related to resolution and to reduce the noise in the experiment due to unbound
DNA, modifications were made to the original ChIP-seq protocol. It involved the
usage of lambda exonuclease enzyme to identify the genome wide set of TF binding

sites at near single nucleotide resolution.

Exonuclease-based ChIP experiments

ChIP-exo and ChIP-nexus experiments are modifications of the ChIP-seq protocol
that use the lambda exonuclease enzyme to improve the mapping resolution of
binding sites. The first few steps are common to ChIP-seq procedure where DNA
is crosslinked with associated proteins in vivo, chromatin is isolated from nuclei
and subjected to sonication. Then, using an antibody against a specific protein, all
the protein-DNA complexes with the target protein are immunoprecipitated. ChIP
DNA is purified and is subjected to lambda exonuclease digestion. The enzyme
degrades the DNA from 5/ to 3/ end on both the strands, until it encounters the
bound protein. Free DNA is largely eliminated by exonuclease treatment. Then
protein-DNA crosslinks are reversed and the extracted DNA is used for library
preparation. The protocol was developed by Rhee et al. for use with Applied
Biosystems SOLiD sequencing instruments [Rhee and Pugh|[2012]. ChIP-exo was
adapted to the [llumina platform by Serandour et al. and they applied it to human
cancer cell line experiments to reveal insights into the FoxA1-DNA interface in
breast cancer cells and also in mouse liver |Serandour et al, [2013]. In spite of
having marked advantages over ChIP-seq like higher resolution and less noise,
ChIP-exo had considerable technical challenges in its implementation. The extra
wash and digestion steps decrease the quantity of DNA that can be recovered in
comparison to conventional ChIP-seq experiments, which is crucial for the quality
of the ChIP library. Also, the DNA fragments have to go through two ineffective
ligation steps during library preparation to get adapters attached on both ends.
Low starting DNA concentration frequently results in excessive amplification of
artifacts during PCR leading to a lot of noise in the data. A more robust ChIP-exo
protocol called ChIP-nexus (ChIP experiments with nucleotide resolution through
exonuclease, unique barcode and single ligation) He et al.| [2015] was designed for
the Illumina platform by Zeitlinger et al. In this the standard ChIP-exo protocol
is combined with the library preparation protocol from the iCLIP method for
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mapping RNA-protein interactions. A unique randomized barcode was added to
the adapter which is ligated to one end of the purified DNA and then the fragment
is circularized, bringing the primer to the digested end. The libraries are then
sequenced on Illumina platform with single-end sequencing. Systematic efforts to
simplify the basic ChIP-exo protocol have been made that included the reduction
in the number of enzymatic steps and alternative strategies for adapter ligation.
Multiple alternative versions with their own advantages and limitations have been
presented Rossi et al.|[2018|, which may be suitable for particular applications.

In these exonuclease-based ChIP experiments, the exonuclease enzyme degrades
the free chromatin to the point where the crosslinking of the protein-DNA prevents
it from going further. When these DNA fragments are sequenced and mapped to
the genome they form sharp narrow peaks very near to the TF binding site on
both the strands of the DNA. Aligning these peaks reveal the TF-DNA contact
sites. This modification to the ChIP protocol not only increases the resolution
of identifying TF binding sites, but it also minimizes the contamination caused
the presence of free DNA and can even capture the TF-DNA interactions that are
crosslinked with low efficiency.

In the next section, we will discuss some of the high-throughput experiments

to detect the complete set of open chromatin regions across the genome.

1.7.2 Experiments to detect open chromatin regions

Transcription factors gather on the DNA at the promoters and enhancer regions
to form the transcription machinery. In this process, they destabilize and dis-
lodge the nucleosomes present in these regions and open up the chromatin. Thus,
open chromatin or accessible regions in the genome are considered as potential
candidates for regulatory regions. Once the chromatin loses its condensed struc-
ture, then the open regions get susceptible to cleavage by DNase I enzyme. The
functional sequences associated with these DNase I hypersensitive sites (HS) can
be enhancers, silencers, promoters or locus control regions. They are also regions
associated with histone modifications, with distinguishable patterns at promoters
and distal sites (enhancers). Accurately finding and annotating these DNase I HS
across the genome have become important in comprehending how gene expres-
sion is regulated in different cell types or in responses to stimuli under different

circumstances.
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Figure 1.3: Enzyme-based experiments (Reproduced from Zentner et al. Nature
Reviews Genetics. 2014)

DNase I hypersensitive sites sequencing (DNase-seq)

Traditionally DNase I HS were identified using Southern blot which
could only process a few regions of the genome at a time but with the advancements
in high throughput sequencing, an improved protocol DNase-seq can now identify
DNase I HS across the whole genome upto a single base pair resolution at the
site of digestion [Song and Crawford [2010]. In DNase-seq (Fig. [1.3)), the nuclei

are first digested by optimal concentrations of DNase I enzyme that preferentially

cuts at the open chromatin sites. The DNase-digested ends are enriched and
sequenced using next generation sequencing. However, DNase-seq does not provide
any information about the function of the reported sequences. It needs to be

followed up by experiments to precisely determine the function and the events
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associated with those regions. Downstream data processing involves aligning and
mapping of the sequence reads to the genome, followed by peak finding that would
indicate regions where the most number of cuts have happened or where the DNase
I HS are located.

Assay for Transposase Accessible Chromatin with high throughput se-
quencing (ATAC-seq)

ATAC-seq (Fig. was developed as an alternative to the existing techniques to
study open chromatin Buenrostro et al. [2015]. The existing methods were having
limitations in many aspects, like the need for a large number of cells as starting
material (1-50 million). They were time-consuming and had lengthy protocols.
Also, they lacked the ability to assess open chromatin, nucleosome positioning and
transcription factor occupancy in one assay. The ATAC-seq methodology uses the
hyperactive Tnb transposase that was already being used for preparing NGS li-
braries based on tagmentation technology. The transposase preferentially cleaves
and inserts sequencing adaptors into the open regions of the DNA. The tagged
DNA fragments are purified and PCR amplified, and then sequenced using high
throughput sequencing techniques. After sequencing, approximately half the reads
obtained are shorter than the canonical length of the DNA around a nucleosome
and the rest half of the reads have length consistent to the approximate length of
the DNA protected by a nucleosome. These different read concentrations provide
information on both nucleosome-free regions (which may be occupied by transcrip-
tion factors or epigenetic markers) and also positions of the nucleosomes.

These high throughput experiments report a set of genomic regions which share
a common property. One way to analyze these regions is by identifying and under-
standing the roles of the transcription factors binding in them. These TF binding
sites represented by motifs can be identified either by scanning these regions using
known motifs from a database or by finding the motifs de novo. In case of using
a motif database, it limits the possibility of presence of motifs to the ones present
in the database. Also, not all the motifs are likely to be present in a particular set
of genomic regions and scanning for them would not only take up resources but
might give weak matches or false positives which would require further analysis to
obtain some meaningful results. De novo motif discovery provides ways to finding

the motifs from scratch and has the advantage of discovering novel motifs. The
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algorithms can be built without any prior assumptions about the motifs or with
provisions for using other sources of information to guide the algorithm in detect-
ing the likely candidates for the motifs. However, the problem of motif discovery
involves multiple challenges, beginning with a fair representation of the motif to
identifying various motifs present in the data and lastly also the validation of the
discovered motifs.

Traditional motif discovery methods focus on finding the most enriched motif
in a dataset. In case of a ChIP experiment for a target protein, the overrepresented
motif obtained by these algorithms is used to explain the binding specificity of the
TF. However, the TF that has been profiled by the ChIP experiment could be
binding directly to the DNA in which case its motif would be present in the DNA
sequences, or it could be a part of a complex with many cofactors, without making
direct DNA contact. In such a case, since the DNA bound to any complex contain-
ing the target protein gets immunoprecipitated in these experiments, we would get
the motifs of those binding proteins as well, albeit in substantially smaller subsets
of the ChIP sequences. Experiments that detect different regulatory regions in
the chromatin report broad regions that contain a mixture of different TF binding
sites.

We model this heterogeneity in these reported regions using the approach of
mixture modelling, building model-based Bayesian frameworks that can character-
ize the data obtained from different high throughput experiments in terms of the
TF motifs found in them.



Chapter 2

Mixture model for DNA regulatory

regions

Here we will first look at the problem of motif discovery in a given set of DNA
sequences and then define the motif model and its parameters. To estimate the
parameters of the model we use one of the Markov Chain Monte Carlo methods:
collapsed Gibbs sampling algorithm. We next show how Gibbs sampling has been

used to learn the model parameters and select the best model describing our data.

2.1 Problem Statement

Assume we have n DNA regions X = {X;,X,...X,,} with X,; € {A,C,G.,T}
all bound by a common TF. All these sequences will have the motif for the TF
present within them at some location. Let w be the width of the TF binding site
or the motif. The motif is modeled using a PSSM ¢. ¢, denotes the probability
of base b at position a within the motif, when b € {A,C,G,T} and 1 < a < w.
Each ¢, represents a categorical distribution over {A, C,G,T'}.

The aim is to find the values for the matrix ¢ and the location of the motif
within each sequence in X.

We build the model M; for our data X containing a single motif. Let @ be the
set of parameters for our model M;. 0 = {Z, ¢, ¢ }.

For our DNA sequences X, let the length of sequence X; be L; for 1 < i <
n. The vector Z of length n denotes the starting positions of the motif in each

sequence X;. Thus, Z; = 7 would mean that the motif is present at location j in
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the sequence X; where j € {1,2,...L; — w + 1} when width of the motif is w.
While the PSSM for the motif is denoted by ¢, ¢y is used to model the proba-
bilities of the nucleotides {A, C, G, T} that are not part of the motif, i.e., form the
background. Here we model probabilities of the nucleotides in the background by
using a second order Markov Model (which is learnt for every sequence).
The likelihood of a sequence X; given the parameters @ of the model, can thus

be computed as:
P(Xi | Z, ¢, ¢0) = P<Xi,17Xi,2 o Xiz | d)o) X 1_[<Z5¢,—L,X,L-,Zi+u,1
a=1

X P(Xi z4w - Xiz, | o)
The likelihood of the full data will be:

P(X | Z,¢,¢0) = [[ P(Xi | Z, 9, 0)
=1

= H (P(Xi,la Xig... Xiz—1| o) % H Pa,Xi 7. 101
i=1 a=1

X P(Xi z4w - XiL, | ¢o)>

We observe that each sequence X; has two parts: the motif region and the back-
ground. Let us denote the motif part of sequence X; by X and the background
by XM. Thus we have

P(XM| Z,¢.¢0) = | [ bax.psus
a=1
P(XM | Z, ¢, o) = P(Xi1, Xig. . . Xiz,—1 | @0) X P(Xiziqw - Xir, | ¢0) (2.1)
The likelihood of X; and the whole data can be written follows:
P(X;| Z,¢,d0) = P(X} | Z,6,¢) x P(X | Z, &, o) (2.2)

P(X|Z.¢,¢0) =[[P(XM|Z,0.00) x P(XM | Z,p.009) (23

=1
2.1.1 Objective function

Since our goal is to find the values of ¢ and Z that best capture the motif present
in the sequences, our objective will be to find the values of ¢ and Z that will

maximize the posterior distribution conditional on the data.
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The objective function is thus:

ar%)maxP(qb, Z| X, o) = ar%)nzlaXP(X | b, Z, o) P(d, Z, o)

)

= ar%rgaxP(X | . Z, ¢0)P(¢)P(Z)

considering independent priors over ¢ and Z.

2.2 Gibbs sampling

To calculate the joint posterior distribution for our set of parameters, we use the
Markov Chain Monte Carlo (MCMC)-based method, Gibbs sampling, to obtain
an approximation of the posterior distribution by drawing samples from individual
conditional distributions.

Gibbs sampler constructs a Markov Chain whose stationary distribution is the
target posterior distribution. The Markov Chain is started with an initial set
of random values for the variables. The sampling algorithm visits each variable
iteratively and updates its value by sampling from its conditional distribution,
given the current values of all the other variables. The idea behind the Gibbs
sampler is to use the univariate conditional distributions where all random variables
have a fixed assigned value except one. Such distributions are usually easier to
sample from as compared to the complex joint distributions. Thus, if we have
k random variables, we will sample each of them sequentially from k univariate
condition distribution instead of sampling a single k-dimensional vector from the
joint distribution in a single pass |Carlo| [2004].

Let us assume © = (61,05 .. .0;) be arandom variable containing k& components.
If 0;_; denotes all components of © except the ith one for 1 < i <k, then let the
conditional distributions p(6; | 6_;) be known and easy to draw samples from.

The algorithm for Gibbs sampling can be stated as follows:

1. Initialize 69,69 ...69 randomly
2. Fort=1,2...N

e Fori=1,2...k
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— Draw sample 6! ~ p(6! | 9[(:}1))
l.e

(t-1) (t—1) pt-1) (t-1)
0~ p(0; | 087, 00D 00T Lot

The Gibbs sampler generates a Markov chain of random variables and for a
large value of N, it converges to the marginal distribution of © which is also the
stationary distribution of the Markov chain. The initial values in the chain depend
on the starting values 69,69 ...6% however this dependence wears off after a few
iterations (burn-in period) and by the time the sampler converges it is independent

of the starting values of the variables.

The Gibbs sampler can thus be effectively used to draw samples from the
univariate conditionals and use them to approximate the joint distribution of all
the variables |Casella and George| [1992].

2.3 Gibbs sampling applied to motif discovery

Given the model M; with its parameters as 8, we use Gibbs sampling to approxi-
mate the posterior distribution and find the values of the parameters 8 correspond-
ing to the maximum posterior probability. This gives us the optimal values of Z
and ¢ that best capture the motif present in the sequences X. However, if we
directly apply Gibbs sampling to the motif discovery problem, we end up with the
situation where we have to sample the values of each Z; and the high dimensional
¢. Instead, we can collapse the component ¢ by integrating it out and sampling Z
based on the marginal distribution. The Collapsed Gibbs sampling strategy devel-
oped by Liu et al. |Liu/[1994] not only reduces the number of random variables to
be sampled, it also improves the convergence time and makes the algorithm more

efficient.
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Figure 2.1: Sequences with motif

2.3.1 Collapsed Gibbs sampling

Calculating the posterior probability by collapsing ¢:

Z,X | ¢o) x P(¢o)
Z, X | ¢o)

X | Z,¢o) x P(Z, o)
X | Z,¢0) x P(Z)

P(Z | X,¢o) x P
x P
=P
x P

PG

_ /¢ P(X.,¢| Z.¢y) x P(Z)dp  Marginalizing over ¢

~ P(Z) % /¢ P(X | §.Z. 0) x P(8)dp (2.4

~ P(Z) /qb PX | §,2) x P(X™ | Z,0) x P(¢)d$ From (&3
— P(2).P(X™ | Z,0) % /¢ P(X™ |, 2) x P(¢)deb

- P2).PXT | Z0n) [ ﬁp(x% | 6.2) x P(6)do

The sequences in XM consists of the motif instances X; 7,1,1 fora=1,2,... w
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from all the sequences X; for ¢ = 1,2...n. For every motif instance in X;, the
nucleotides at each position a given by: X, 7.1, 1 follow categorical distribution
¢, for a = 1,2...w. For our likelihood with categorical distribution we assume
a conjugate prior of Dirichlet distribution with prior hyperparameters as a =

{aq, s, a3, a4} corresponding to the categories {1,2,3,4}.

/¢ [ P(XM | 6,2) x P(g)dd (2.5)

i =1

n w

_ /¢ T (TIP(Xizivas | b0 Z0) % Pleba)debe)

a4=1 a=1

n

/q5 (HP(Xi,Zi—&-a—l | qba,Z,-)) X P(¢,)dep,
17 Pa =1

I
=

a

S)

~TT. /qs [(Hcat—pmf(Xi,ZiJra_l,q.’)a)) x dir—pdf(q’)a,a)] d.

=1 1=1

= - X; =b F(be{A%G T} @) .
:H/ [(H H ¢L’bz,zi+a—1— }> % - GG, _ H (¢a,b)ab1] depa
a=1 a

i=1 be{A,C,G,T} H F(ab) be{A,C,G, T}
be{A,C,G, T}

Here we use the notation of Iverson bracket [y = b] to denote 1 when y = b and

0 otherwise. Simplifying the integral on the RHS for any value of a
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n I > )
[Xiyzi:b]) be{A,C,G,T} ap—1
X . a d a
/ [( H H ¢a,b H F(Ozb) H (¢ ,b) ] ¢
a i=1be{A,C,G,T} b e{A,C,GT} b e{A,C,G,T}
¢ I( > )
2 [Xi 7, =b] be{A,C.G,T}
_ =1 0.6, @14
/ [( H d)a,b ) X H F(Oéb) . H (¢a,b) ¢a
a L be{A,C,GT} be{AC.CT) be{A,C,G,T}
F( Z Ckb) n
be{A,C,G,T} / [ H ¢i§1[Xi,zi=b}+ab1] ié
T a,b a
be{A,l;[,G,T} (aw) Jg, be{A,C,G,T}

I > ) [T TC[Xiz =bl+m)
be{AvchvT} % bE{A,C,G,T} =1

T rC s (S Xs =t + o)

be{A,C,G,T
eAacary be{A,C,G,T} i=1

NgE

PCY (S =0+ ) &k e

be{A.C.GT} i=1 3
< [ z I e
‘ I[I T Xz =b+ ) vefacery
be{AC,GT) i1

-

n

e > ) [1 TC[Xiz =b+a)
— bE{A,C,G’,T} % bE{A,C,G,T} =1 y 1

I T@)  pe s (X = 8+ )

be{A,C,G.T
cacaTy be{A,C,G,T} i=1

(X z = b] is actually the count of category bin X; z, for i = 1,2...n and can

IINGE

1
e denoted by C,; for any any column a of the motif. Thus,

o

c > )

LI T sy men s T s

1=1be{A,C,G,T} b e{A,C,G.T} b e{A,C,G,T}
F( Z Oéb> H P(Cmb -+ Ckb)
be{A,C,G,T} be{A,C,G,T}

I T T( % (Coptaw)

be{A,C,G,T} be{A,C,G,T}
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Thus ([2.5) becomes

/¢ [1P(x! | 6.2) x P(o)is

be{A,C,G,T} be{A,C,G,T}

I T T % (Cop+tawn)

be{A,C,G,T} be{A,C,GT}

w [F( > ) [I T(Cap+aw)

a=1

For the Gibbs sampler, we have to sample the value of Z;. Let Z|_; denote the
vector Z with all of its components except the 7th one. Then the expression for
sampling of Z; is given as:

Zi ~P(Zi=7|Z_q, X, ¢0)

P(Zi ’ X, Z[—i]:¢0) X P(X \ Zi, Z[—i]7¢0)-P(Zi)

= P(Z). / P(X,¢ | Zi, Z_y), po)dep
_P(Z)/ (X [ b, Zis Zi-iy, o) -P(@ | Ziy Zi—i), o) dp
= P(Z;). / P(X | &, Zi, Z i), o). P(@ | Z|_yj)dep

= P(2). [ PG| 62000 (P(Xy | 6200 60)-P(& | 210)) 0

The first part of the integral P(X | ¢, Zi, @) is the likelihood of a single datapoint
which can be resolved using ) and -

The second part P(X[_; | @, Z_, ¢o).P(¢p | Z_;)) is the posterior for Z|_;
(from (2.4)) and follows the Dirichlet distribution with parameters o, for a =
1,2...wand a,, = i[szera,l = b] + .

ot
Thus, if for some 7, Z; = j



P<ZZ :j | X7Z[—i}7¢0)

(2). / [T 50 x POXT | 206 60) > Divpi(: )

P(2).POT | 29 90) [ I I &% Di-pdie,. o )i,

a=1be{A,C,G,T}

P(Z).P(XM | Zi, ¢, ¢0)- H / bop” " Dir-pdi(a, o, )depa

be{A,C,G,T}

= P(Z).P(X} | Z;, ¢, o) x

s {AZCIG }a;,b)
[Xz jt+a—1= b] € Il 7T a;’b_ld
H/ H F(a’ b) H ¢a,b ¢a
be{ACG T bE{A,C.G.T} @57 be{A,C,G,T}

= P(Z).P(XM | Zi, b, o) X

< F(b AZC:GT Oé;’b) X, =b -1
)T I s,
=1 AoaT) a.b/ pef{A,C,G.T}
= P(Z;).P(X}" | Zi, ¢, ¢o) %
w LTO X agy) [T T(Xijra1 =0 +ag,)
H ( be{A,C,G,T} ) be{A,C,G, T} y
i [I Tlogy)/ TC X [Xijra1 =b+a},)
0 befAcGT) ’ be{A,C.G,T} ’
D
c€{A,C,G,T Xi,j+a,1=b+04; bil
) Y do,
[T T(Xijra1=0b+0a,) II 0w ¢
be{A,C.G,T} 7 bE{ACGT)
= P(Z).P(XM| Zi, d. o) %
w L0 2 agy) [T T(Xijrar =0 +a,,)
H ( be{A,C,G,T} ) be{A,C,G,T} ‘1
-1 H F<O‘iz b) 'F( Z [Xi,j+a—1 = b] + Oé;z b)
T be{A,CGTY ’ be{A,C,G,T} ’

= P(Zi)'P(XiM| Ziy @, o) X
L > o) I D Xjra1 =0l +ag,)

ﬁ be{AC.GTY  befAC.GT}
5 I Dlagy) I+ > ayy)
be{A,C.G,T} be{A,C.G,T}

Using the fact that I'(z + 1) = 2'(x) we now simplify further
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71X, Zy, o)
= P(Z). (X |Zu¢ ®0)
w DO 20 agy) [T T(Xijra1 =0l +a,,)

" H be{A,C,G. T} be{ACGT)
I Tlegy) (0 X ap,) IO X0 agy)
b e{A,C,G,T} be{A,C,G,T} be{A,C,G,T}

w U([Xijra—1 =0 + ayy)
= be{A,C,G,T}
= P(Z).P(XM | Zi, b, ¢00) x [ | 0 T

a=1

(ag,) x>0 ag,

be{A,C,G,T} be{A,C,G,T}
i - 1+ o x

= P(Z). (X | Zi¢.0) x [ [ = |

a=1

i,j+a—1 )

(X, pas) 2o Oy
be{A,C,G,T}

M - aX’L] a—1
= P(ZZ)P(XzNI ‘ Zi7¢7 ¢0 X H —
ab

a=1 be{ACGT}

Z [Xp,Zerafl = Xi,jﬂzfl] + OX; a1

w p:]:
= P(Z).P(X]" | Zi, ¢, o) x [[ 22— ;
a=1 > (Z[ pZyta—1 = b] +

be{A,C,G, T} “p=1

3
o

w
= P(Zi)-P(XiM | Zi, @, o) x Héa,xi,ﬂa,l
a=1

Here qs is the posterior mean of ¢ conditional on the current values of all the
parameters Z|_; and X|_;.

In this way we iterate over every i = 1,2...n to sample the value for Z; and
update the other parameter values. This sequential updation of the parameter
values based on their values until the previous iteration creates the Markov Chain
and the Gibbs sampler ultimately converges to the stationary distribution of this

Markov chain.

2.4 Mixture model

We extend this concept of collapsed Gibbs sampling to build mixture models that
can partition the set of DNA sequences into disjoint clusters based on certain
properties like the identity of the motif or the distribution over a set of motifs

present in the sequences.
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Our method DIVERSITY |Mitra et al., [2018] is a framework that uses col-
lapsed Gibbs sampling to perform motif discovery in a set of DNA sequences.
Instead of searching for a single motif it considers the sequences as a mixture of
regions where subsets of the sequences might contain a different motif. DIVER-
SITY not only learns the different motifs in the sequences but also partitions the
sequences into disjoint subsets based on the motifs present in them.

In our second method ExoDiversity |Biswas and Narlikar, [2021a] we modified
the framework of DIVERSITY to learn a joint distribution over DNA sequences
and their corresponding read count sequences to identify the modes of binding
present in the data. ExoDiversity considers the set of sequences as a mixture of
different binding modes where each mode is characterized by a sequence motif and
its accompanying read distributions on both the positive and negative strands. We
use collapsed Gibbs sampling in ExoDiversity to learn the sequence motifs and the
read signals and their positioning relative to the sequence motifs while clustering
the data into different modes of binding.

We developed our third method CISDIVERSITY [Biswas and Narlikar, [2021b],
where the set of DNA sequences are considered as a mixture of distinct modules.
Each module is defined by a different probability distribution over the set of mo-
tifs present in the data. In this method, collapsed Gibbs sampling is applied to
learn the sequence motifs, their distributions over the modules while clustering the
sequences based on their module identities.

We will go over the motivation behind each of these models and the biological
characteristics which they manage to capture over different datasets. We will also

look at the modifications made to the simple Gibbs sampling algorithm we saw in
Section while adapting it for the three methods.
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Chapter 3

Identifying different modes of TF
binding from ChIP data

In this chapter, first we look at the motivation for understanding the diverse ways
in which a TF might bind to DNA using de novo motif discovery in ChIP-seq
datasets. Then we look into the formulation of the problem statement and how it
is different from the traditional motif discovery methods. After this, we go over
the details of our mixture model-based framework DIVERSITY and its working.
We show that applying DIVERSITY to ChIP data provides insights regarding
different configurations of the target TF and together with other information like
sequence conservation, gene ontology gives a more comprehensive idea about the
regulatory activities the target TF' is involved in.

The software for DIVERSITY was written and tested by Sneha Mitra. This
work is published in Mitra et al.|[2018], and much of the text and the images here,

are taken from the paper.

3.1 Introduction

Transcriptional regulation is largely governed by the interactions between proteins
called transcription factors and specific regions on the DNA. These regions on the
DNA harboring the TF binding sites are called regulatory regions and play impor-
tant roles in biological processes like differentiation, development, maintenance and
apoptosis |[Maston et al. 2006, Levine and Tjian, 2003|. In order to understand

the roles of these regulatory regions under different circumstances, a wide range

47
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of regulation-based biochemical activities have been measured and documented by
various consortia like ENCyclopedia of DNA Elements (ENCODE) [Sloan et al.|
2016] and other laboratories. These experiments and their analyses have provided
evidence towards the fact that at any given time, there can be multiple regulatory
mechanisms being at play [Struhl, 1991]. However, popular methods of analyz-
ing these experimental datasets focus on finding a common characteristic in the
data. For example, in the problem of motif finding, a common sequence signature
typically represented in the form of a Position Weight Matrix (PWM) is learned
from the protein-DNA binding data or promoters of co-regulated genes. This is
done with the assumption that a particular motif for the specific TF must be over-
represented in the data. But a TF can exert its influence on the genome in more
than one way, by changing co-factors or through intermediate proteins without
making a direct DNA contact [Farnham)| 2009]. Thus, in a ChIP experiment for
a target TF we can get a group of DNA regions that might contain the motifs or
binding sites of different TF cofactors or various configurations of the target TF
itself. Understanding these different types of binding configurations will help us

to get a clearer picture of the role of the TF in gene regulation.

3.2 Problem statement

A ChIP experiment pulls down all regions that are associated with the target
protein: whether directly bound to the protein or as a part of a protein complex
in which the target protein is present. For example, consider a ChIP experiment
targeting protein X, which binds DNA at its cognate sites and at the same time
also interacts with four other proteins. Each of these proteins also binds to its own
specific cognate site along the genome, which may be located at a farther distance
from the binding locations of protein X. This scenario is consistent with the current
view of transcriptional hubs and chromatin loops. In a ChIP experiment, when
the cells are treated with formaldehyde, then protein-DNA as well as protein-
protein interactions get cross-linked. Thus, in the immunoprecipitation step all
the DNA regions associated with X will get pulled down, and the final data will be
a union of five distinct sets of regions each containing binding sites of one of the
five proteins. Characterizing all five different motifs and the corresponding sets of

sequences is important to interpret the ChIP experiment and ultimately the role
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of X in regulation. Our method DIVERSITY does this by partitioning the data
into disjoint subsets based on the motif present in the sequences. The optimal
number of motifs and the associated partitioning that together explain the entire
dataset are both learned by DIVERSITY by using a Bayesian approach.

The goal in traditional motif discovery is to find a statistically overrepresented
motif, typically one that appears in a large fraction of the data [Zambelli et al.|
2013]. To identify more than one motif, the same approach is applied iteratively:
occurrences of motifs identified in the previous passes are masked before searching
for the next overrepresented motif. In doing so, they discover individually enriched
motifs in the data, but those do not necessarily explain the entire dataset. This is
conceptually different from DIVERSITY whose goal is to identify a set of motifs
which together explain the entire dataset. We compared DIVERSITY results
with the results from some of the other motif discovery methods: two standard
approaches, namely MEME [Bailey et al., [1994] which is targeted for wide mo-
tifs corresponding to complexes and DREME |Bailey, [2011] which is usually used
for finding shorter monomeric motifs likely to be cofactors. We also analyzed the
results of another recent motif discovery method called InMoDe [Eggeling et al.|
2017] that divides the data into a mixture of different ‘motif types’. Relaxing
the inherent assumption of independence in PWMs, InMoDe identifies the depen-
dencies within the binding sites by learning inhomogeneous parsimonious Markov

models characterizing the motif types.

3.3 DIVERSITY model

For a given ChIP dataset, DIVERSITY assumes that the protein makes m differ-
ent types of contacts, each of which is modelled with its own PWM. Formulating
the problem as a mixture model, it splits the entire dataset into m disjoint sub-
sets corresponding to the m contact types or modes of binding, with one PWM
enriched in each subset. Neither the partitioning nor the PWMs are known apri-
ori and are both inferred using a sampling-based approach. Several models with
different values of m are learned, and the best model is identified using Bayesian

model selection.
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Figure 3.1: In this example the red protein binds to DNA as (i) homodimer,
(ii) monomer, (iii) indirectly to another DNA region via the blue protein or (iv)
indirectly to yet another DNA region via the purple protein making no direct
DNA contact this time. The ChIP experiment pulls down all the complexes that
are associated with the red protein, and sequencing reports all the DNA regions
participating in these complexes. DIVERSITY learns the positions of the motifs
in each sequence while simultaneously splitting them into different subsets based
on the motif it contains.

3.3.1 Model and its parameters

Let us consider the case when the set of n DNA sequences X contains m different
TF binding sites or motifs, we build a model M,, with parameters ,,. Here, we
consider each motif as a different mode of binding, and the cluster corresponding

to each motif is thus called a mode. The set of parameters is given by 0,, =
{Z,1,¢,w,~} where:

e 7, : The starting point of the motif in sequence X, fori =1,2,...n. Z; =

indicates that the binding site in sequence X is starting at location j.

e [; : The cluster or mode of binding for sequence X;. I; = k would mean that
the sequence X; will belong to the cluster k.

e w; : The width of the motif in mode k for £ =1,2...m.

e ¢ : It represents the position-specific scoring matrix (PSSM) for the motif
of mode k. ¢y, (b) is the probability of finding nucleotide b at position a in
the PSSM for mode k.
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e ;. : Gives the probability of a sequence belonging to mode k

We use ¢y as a second order Markov model built from the input sequences X
as the background model. To incorporate the heterogeneity in different genomic
regions, we create the background model separately for every sequence. The motif
occurrences in the sequences can be modelled as a ZOOPS model with zero or
one occurrence per sequence or as OOPS which is one occurrence per sequence.
DIVERSITY also has the provision where the motif occurrence per sequence can
be determined based on a probability value given to the algorithm. In case of the
Z0O0OPS model, the possibility of X; having no motif is represented by having Z;
lie outside the sequence, i.e Z; = L; + 1, similar to the implementation in MuMoD
[Narlikar, [2013] and PRIORITY [Narlikar et al., [2006]. In the OOPS model, we
restrict the possible values of Z; to 1,2... L; — wy, + 1.

We calculate the likelihood of the full data as:

P(X |0,,M,) =[] P(X;|6,,M,)

i=1
The likelihood of a single sequence X; can be calculated as:

P(Xi ’ 0, Mm) = P(Xi,luXi,2 Xz | ¢0) X

w

[ ¢na(Xizira1) X P(Xiziswin - Xi,

a=1

®o)

Thus the posterior can be written as:

P(0,, | X, M,,) x P(X | 6,,, M) x P(6,, | M,,)

3.3.2 Objective function

For a model with m modes, the aim is to find the optimal values of the parameters

in 6,, that maximize the posterior distribution

6,, = arg max P(6,,| X,M,,) (3.1)
0

m

= argmax P(X | 0,,, M,,) x P(6,, | M,,)
0
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3.3.3 Model learning

DIVERSITY uses Gibbs sampling to estimate the values of the parameters 6,,. It
approximates sampling from the posterior distribution by drawing samples from in-
dividual conditional distributions. It applies collapsed Gibbs sampling to marginal-
ize over ¢ and « and integrate them out from the conditional distributions of Z
and I. All other components in 6,,: Z,I,w are learned by iteratively sampling
from their conditionals. For each sequence X; we first sample the motif start posi-
tion Z; in it and then its mode of binding /;. Assuming conjugate priors for ease of
integration, we use a Dirichlet prior over each position in ¢, having equal hyper-
paramerters au,otir and another Dirichlet prior over v with equal hyperparameters

Omode-

Using these priors, we construct the sampling expressions for Z; and [;.

Sampling for Z;

If 7, = j,

wr,
PZi=j|X,Z_y,I,w,¢0) = P(Z;) x P(Xi1,Xia... X1 | ¢o) X H¢1i,j(Xi,j+a—1)
a=1

XP(Xi,j+w1i+1 R Xi,Li

®o)

o 1, 1s the posterior mean of ¢;, and it is calculated from the counts of the nucleotides

from all the sequences except X; having mode I;.

Omotif + Z 5[Xp,Zp+a_1 = b, [p = [’L]
=1
P
Aomotit + 3 0[1, = 1]

p=1
pFi

Q?Ii,a(b) =

d[condition] = 1 when condition is TRUE and 0 otherwise.
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Sampling for I;

Once the motif start position Z; for X; is sampled and assigned, we move on to

sampling for its mode of binding. If I, = k

W
P(li=k | X,Z, I, w, ) =T X P(Xi1, Xin. .. Xizi 1| o) x [[ 005 (Xizi1j1)
j=1

X P(X; 7, 4wpt1 - - XiL, | @0)

~ is the posterior mean of 4 and is calculated from the counts of all sequences

except X; belonging to mode k.

Omode + Y, 0[1, = K]
p=1
;)7 — pFi
k M.Omede + 1 — 1

Sampling of wy

We observed that the width of the motifs wy for £ = 1,2...m do not change very
often. Thus, we sample for the motif widths once every 10 passes of the sampler
over all the sequences X. For each mode, the width of the motif w; is sampled
from a set of values: where it is allowed to increase by one position or decrease by

one position, or it remains the same on both the left and right ends of the motifs.

3.3.4 Convergence of the sampler

It is difficult to detect the convergence of the sampler to our target distribution
when it is unknown and irregular. But we only need to determine the MAP
estimate and do not really need to sample from the posterior. We fit a straight
line through the last n iterations and stop sampling if the slope is close to 0.
The maximum number of iterations for the sampler can be regulated by the user
and DIVERSITY also has checks in place for the number of Z; and I; sampling
iterations exceeding 2n%. This ensures that the algorithm will report a model in
reasonable time in case of a bad initialization. After the sampler finishes, we use a
Hill Climbing approach, starting from the model parameters corresponding to the

maximum posterior probability. The final model parameters obtained at the end
of Hill climbing are then reported by DIVERSITY.
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3.3.5 Model selection

Since we do not know apriori the optimal number of modes that the data can be
divided into, DIVERSITY learns models with different values of m in the range of
Mmin 10 Mmax given to the algorithm. Theoretically, a model with more modes will
have a better posterior score than a model with fewer modes. This will ultimately
cause the dataset to be divided into n modes, with each sequence making up one
mode, and this clearly is overfitting. In order to avoid this, we use Bayesian model

selection and maximizing to determine which model best describes the data.

argmax P(M,, | X) o argmax P(X | M,,).P(M,,)

= argmaXP(Mm)./ P(X,0,, | M,,)deé,,

m

— argmax P(M,,). / P(X | 6,,, M,,).P(8,, | M,,)d6,,
O

(3.2)

The prior on the model is exponential on the number of free parameters in the

model. It thus penalizes the models with more parameters to a greater extent as

compared to models with fewer parameters.
P(M,,) x exp(—\|M,,|)

Here ) is the hyperparameter that controls the magnitude of the penalty given to
the models. The number of free parameters in M, is the number of free parameters

in the PSSMs used to represent the motifs.

M| =3 wy
k=1

The integral in is approximated by the maximum a posteriori (MAP) prob-
ability estimate, which has been obtained as ém in Equation (3.1)) using Gibbs
sampling. In DIVERSITY, we have used the value of A as 5 to choose the best
model, as it has been shown to give a reasonable clustering |Narlikar, 2013]. How-
ever, DIVERSITY reports models for all the values of m in the range m;, to
Mmax and it might be worthwhile for a Biologist to take a look at them.
DIVERSITY has a parallel implementation in Python and C and the soft-

ware is available for download at https://github.com/NarlikarLab/DIVERSITY/
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releases/tag/v1.0.0. A web server for DIVERSITY was also set up and can
be accessed at http://diversity.ncl.res.in/.

We next look at some of the results of running DIVERSITY on various fly and
human ChIP-seq datasets. For comparisons with MEME, DREME and InMoDe

we used the following parameters for these methods:
e MEME parameters: -nmotifs 20 -minw 6 -revcomp -p 16
e DREME optional parameters: -maxk 20 png

e InMoDe was run in the flexible mode by setting the width to 20, motif orders
to 0 (no dependencies) and number of modes as determined by DIVERSITY
to be optimal when it too was run with a fixed motif width of 20. DIVERSITY
was thus run twice: once when the motif width is allowed to vary (standard)

and once when it was fixed to 20, only to compare with InMoDe.

3.4 Results

The sources for the biological datasets used to generate the following results are
listed in Chapter: [0}

3.4.1 CTCF in fly makes diverse contacts

The CCCTC-binding factor, CTCF, is a highly conserved zinc finger protein that
has been shown to have diverse roles in transcriptional regulation |Phillips and
Corces, 2009|. Previous work has indicated several dependencies within its 20
bp binding site [Narlikar, 2013, [Sharon et al) 2008| in mammals. To explore
whether similar dependencies exist in invertebrates, we looked at data from the
fruit fly. Ni et al. |Ni et al., [2012] have profiled CTCF in the white pre-pupa
developmental stage across four related Drosophila species, separated by between
~ 2.5 and 25 milion years. They find a 9 bp core motif AGSKGGCGC to be
enriched based on MEME in each species, implying that the binding specificity
of CTCF has not evolved across those flies. This motif is found when MEME is
supplied a motif width of 9 as a parameter, and it explains approximately half of
the dataset. DIVERSITY was run on all four CTCF sets. Fig (a) shows
the D. melanogaster input to DIVERSITY and its output. It finds eight different


https://github.com/NarlikarLab/DIVERSITY/releases/tag/v1.0.0
https://github.com/NarlikarLab/DIVERSITY/releases/tag/v1.0.0
http://diversity.ncl.res.in/
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Figure 3.2: (a) 200 bp regions centered around the summit of ChIP peaks, input
to DIVERSITY. (b) DIVERSITY finds eight modes which are aligned and re-
ordered. (c) Motifs corresponding to modes. CTCF motifs from JASPAR and
from high throughput SELEX [Jolma et al.,[2013] are shown below. (d) Sequence

conservation profile from phastCons, corresponding to nucleotides in b (e) The

eight modes are displayed in decreasing ChIP score. (f) Violin plot of distance of
each sequence from the closest transcription start site. (g) Violin plot of expres-
sion values of genes (log2(1-+RPKM)) with TSS within 2000 bp of the ChIP region.
The red line shows the median value across all measured genes. (h) Overlaps with

Su(Hw) and Pita ChIP experiments, respectively.

modes, displayed based on the median ChIP binding score Fig (b), (c¢) and
(e).

Modes 1 and 2 have a similar ChIP score, although only mode 2 has been re-
ported as the fly CTCF consensus. Mode 1 has an additional CAC at the 3’ end.
Interestingly, mode 3 resembles the human CTCF motif with the CC at the 5" end,
but has a significantly lower ChIP score compared to modes 1 and 2. Unsurpris-
ingly, modes 14 explain about half of the sequences. Modes 5,6,7 and 8 have a
lower ChIP score than the first four modes and have no resemblance to any CTCF

literature motif, suggesting these may not be direct binding sites. Instead, mode



o7

5 matches the motif of a recently discovered insulator protein Pita [Maksimenko

, 2015|, mode 6 matches suppressor of hairy wing—Su(Hw)—a transcrip-
tional repressor, and mode 7 matches a known fly promoter element [Ohler and

‘Wassarman|, |2010]. Mode 8 does not appear in any of the standard TF databases.
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Figure 3.3: DIVERSITY results on 4 fly datasets for CTCF: 2180 sequences in
D. melanogaster, 2191 sequences in D. simulans, 2984 sequences in D. yakuba, 2381

sequences in D. pseudoobscura

Surprisingly, the eight modes have different evolutionary profiles, as evident
from phastCons scores Fig (d). Modes 5 and 6 have opposite profiles, not
only in terms of sequence conservation, but also in terms of functional conserva-
tion: mode 5 does not show up in D. pseudoobscura, which is farthest from D.
melanogaster in the evolutionary tree, but is found in D. simulans and D. yakuba.
In contrast, mode 6 appears in each of the four flies Fig [3.3] This suggests that
the partnership of CTCF with Pita is specific to the melanogaster subgroup, while
that with Su(Hw) is not.

The first three CTCF modes are far more variable in terms of where they bind
along the genome with respect to gene Fig [3.2(f), which is typical of proteins
exhibiting barrier or enhancer-binding function. Mode 4, on the other hand, is

more proximal to promoters and is also less conserved across the four species,
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suggesting this may be a non-functional artifact of more open regions being bound
by the profiled protein and captured by ChIP. But additional evidence would be
needed to be certain. Mode 7 is a well-established core-promoter motif, with almost
half of the instances occurring within 100 bp of a TSS in the reported relative
orientation [Narlikar, 2014]. Furthermore, the downstream genes are significantly
more expressed Fig (g) (p-value < 1071%), suggesting that CTCF possibly
activates transcription of these genes, by indirectly binding to the transcription
initiation machinery assembling at these promoters. This could admittedly be a
case of highly expressed promoters getting reported in the ChIP experiment, which
are not specific to the profiled TF [Jain et al., 2015]. But even if that were true,
it is still interesting that the CTCF ChIP-seq reports only those promoters that
contain this particular element out of all the several different well-established fly

promoter architectures [Narlikar] 2014].

3.4.2 Variations in Su(Hw) binding specificities

We next explored ChIP datasets of the co-factors of CTCF identified from Fig
(c), based on motif matches with the JASPAR database. Su(Hw), a zinc finger
protein instrumental in chromatin organization |Vogelmann et al. [2011], has been
profiled as part of modENCODE [Neégre et al) 2011| in the same developmental
stage. Only sequences of CTCF mode 6 have a significant (=~ 80%) overlap with
this experiment (Fig (h)). Further, the CTCF motif is not one of the 10 modes
identified by DIVERSITY on the Su(Hw) set (Fig [.4)). This suggests that the
Su(Hw)-CTCF contact might be like complex IV in Fig where the hexagon is
CTCF and the triangle is Su(Hw). Alternatively, CTCF may be bridging multiple
Su(Hw)-DNA binding events, but not making direct DNA contact in the process.
In any of these situations, all regions in the complex will be pulled down in both
CTCF-ChIP and Su(Hw)-ChIP, but will only contain contacts of Su(Hw), not
CTCF. However, the CTCF-ChIP will additionally report regions where CTCF
does bind DNA directly, since the ChIP is against CTCF.

More surprisingly, DIVERSITY discovers six variants of the known Su(Hw)
motif (Fig [3.4), of which mode 2 is most similar to the database motif. We
can split the motif into 4 pieces, based on the places where the variations occur.
Piece (i) is invariant across the modes, while piece (iv) is the most variable. Indeed,

binding sites of zinc finger proteins are known to have interdependent effects within
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Figure 3.4: (a) Logos, (b) sequences, and (c) phastCons scores corresponding to
the Su(Hw)-like motifs discovered by DIVERSITY.

positions [Bulyk et all [2002]. Considering that individual zinc fingers interact

with three or four consecutive nucleotides |Enuameh et al. [2013], variations in

modes 3 and 4 are specially intriguing. We propose that the different zinc fingers
of Su(Hw) bind two distant regions on the chromosome, one belonging to mode
3 and the other to mode 4. Three pieces of evidence support this. First, the
two modes are complementary in terms of information content at pieces (ii) and
(iii). Second, the number of sequences corresponding to the two modes is almost
equal, suggesting that each region from mode 3 might have an interacting partner
in mode 4. And finally and most importantly, if these were simply ‘weak’ or non-
consensus binding sites for Su(Hw), the low information pieces would be under
neutral selection. But that is not the case: the average conservation scores at

the two pieces in both the modes is no different from the scores at the literature
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consensus, all under negative selection. This suggests the organism prefers non-
consensus pieces in these modes, possibly ensuring that some zinc fingers are free

to make contact with the corresponding ‘missing’ piece at a different location.
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Figure 3.5: (a) DIVERSITY finds the Pita motif as well as CTCF and Su(Hw)
motifs. The literature motif is a result of conventional motif discovery on the same
dataset [Zolotarev et al. [2016]. (b) Both Pita motifs have a significantly high

ChIP score. (c¢) Table describes the various known direct binding motifs identified

in each of the three datasets.

3.4.3 Pita interacts with CTCF and Su(Hw)

We next explored the other potential CTCF co-factor, Pita, based on mode 5.
A newly identified TF, also a C2H2-type zinc finger, it has not been profiled
in the same very early stage of development, but in 0-12h embryos [Zolotarev
et al) 2016]. DIVERSITY finds the literature Pita motif (mode 1), but also an
additional variant, with the central piece differing in a fifth of sequences (Fig 3.5
(a)). The protein may have a different structural conformation at those regions.
The ChIP score, however, is not different across the modes (Fig [3.5(b)).
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Given the overlaps of this Pita set with the CTCF modes (Fig (h)), it is
not surprising that DIVERSITY finds CTCF and Su(Hw) motifs (modes 4 and 7,
respectively). Taken together, this means, a CTCF ChIP pulls down direct sites of
Pita and Su(Hw), a Pita ChIP pulls down direct sites of CTCF and Su(Hw), but
Su(Hw) does not pull either sites of the other two (Fig (a)). While additional
experiments are needed to ascertain this, one possible explanation could be that
Su(Hw), interacts with CTCF and Pita as part of one or more complexes, but
those complexes do not make direct DNA contacts at CTCF or Pita binding sites.

3.4.4 Binding activity of REST in neuronal and non-neuronal

cells
REST has many cofactors in neuronal cells

The RE-1 silencing transcription factor (REST) has been shown to repress neuronal
genes in non-neuronal cell-types and play regulatory roles in differentiation and
development of neuronal cells |Qureshi et al., 2010]. It binds directly to DNA,
but it also interacts with a diverse set of co-factors, and the recruitment of specific
complexes is believed to result in distinct transcription outcomes |Greenway et al.|
2007). We therefore consider it an apt TF for testing DIVERSITY. Rockowitz
et al. [Rockowitz et al. [2014] have compiled and analysed REST binding in 15
non-neuronal human cell-types and differentiated human neurons. Here, we discuss
detailed results only on the neurons (Fig and one non-neuronal cell-type: the
lymphoblastoid cell line GM12878 (Fig ; results on a few other datasets are in
Fig: . GM12878 was chosen due to availability of nucleosome occupancy data
in this cell-type.

Rockowitz et al. applied the MAST tool of the MEME suite [Bailey et al.|
2009], which scans sequences reported in neuronal cells on the basis of a user-
supplied PWM corresponding to the 21 bp RE-1 motif (Fig [3.7/box). They showed
there was only a marginal enrichment of RE-1, even in the top 600 sequences.
Unsurprisingly, DIVERSITY also finds only a small fraction of sequences (=
3.5%) contributing to a mode that looks like RE-1 (mode 1, Fig (a)).

In addition to the RE-1 motif, DIVERSITY finds 11 other modes. For simplic-
ity, only the top TF predicted to bind each mode by TOMTOM (with p < 107%) is
listed on the left in Fig [3.6] But we note that in some cases a whole family of TFs
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Figure 3.6: (a) The 12 modes are sorted on the basis on average ChIP score. (b)
Sequences corresponding to RE-1 (mode 1), YY1 (modes 3 and 6), and RFX2
(mode 9) are more conserved. (c¢) While many modes are close to transcription
start sites, modes 2, 4, and 9, are more variable in terms of their relative position.
(d) All genes except those close to the RE-1 mode are significantly more expressed

(p < 107°) than average.

have binding sites that match a mode, e.g., Sox2, Sox3, and Sox6 all have similar
motifs and either one of them could be the factor in question. For all these modes,
genes with transcription start sites within 2kb are significantly highly expressed
(Fig (d)). This supports the behavior of REST as an activator in neurons
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Figure 3.7: (a,b) DIVERSITY identifies seven modes, all variants of RE-1 (modes
sorted based on average ChIP score). Database motif shown below. (c) The full

sites are more conserved (d) The full sites have well-organized chromatin structure.

[Ooi and Wood,, [2007], but suggests that this largely happens not by binding DNA
directly. The top TF match from established vertebrate databases is listed on the
right: these are most likely co-factors of REST. Although the modes are ranked in

the order of ChIP score, there is no significant difference in the scores across the
first 10 modes. This suggests that the binding of REST with DNA is as persistent
as the binding of REST with the identified co-factors and of the co-factors with
their own DNA recognition sites put together. This is, of course, based on the

fairly reasonable assumption that REST cannot directly bind non-RE-1 motifs.
We now look at the co-factors in detail. MEIS1 is a homeobox encoding TF,

known to be crucial for neuronal differentiation [Bouilloux et al. [2016]. REST

has been shown to repress MEIS1 expression in non-neuronal cells via recruitment

of Polycomb Repressor Complexes [Dietrich et al. 2012]. But how it interacts

with MEISI in neuronal cells, where MEIS1 is expressed, is not yet known.
DIVERSITY finds two variants of YY1 motif (modes 3 and 6). YY1 plays a
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Figure 3.8: DIVERSITY output on ChIP-seq datasets for REST in A549 and HepG2

cell lines
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key role in neuronal development and has been shown to positively regulate REST
itself |He and Casaccia-Bonnefil, 2008]. It is very likely that YY1 forms a complex
with REST: both are zinc fingers of the same family and YY1 has been shown
to bind with other zinc fingers |Brayer and Segal, 2008|. Both modes are highly
conserved and are significantly closer (p < 107°) to the TSS.

Mode 9, which matches the winged helix RFX family, is the only other sig-
nificantly conserved mode. All proteins in this family recognize a near-identical
palindromic motif [Khan et al., [2018]. While the functions of RFX proteins are
yet to be understood, at least one member, RFX1, has been shown to be critical
for the development of the central nervous system in mouse [Feng et al., |2011].
DIVERSITY results suggest it also interacts with REST.

Mode 5 is a near perfect match to the SoxB1 proteins: Sox2 and Sox3, which
have been shown to be critical for neuronal differentiation [Bergsland et al.,|2011].
Mode 10 matches MAFK, a basic leucine zipper TF, involved in several functions
including HDAC recruitment [Kannan et al., 2012], something REST is believed
to do as well |[Rockowitz et al., [2014].

Modes differ in terms of distance from the closest genes and expression of the
downstream gene. MEIS1, RFX2, and mode 4 are far more variable, suggesting
they might be distal regulatory regions such as enhancers or silencers. Without
additional information such as ChIP of these proteins in the same set or chromatin
structure information, we cannot say much more about what complexes must be
forming along the genome. However, these results, from a single ChIP experiment,
do point towards a rather complex TF-TF interaction landscape for REST in

neuronal cells.

REST largely binds to RE-1 and variants in non-neuronal cells

In non-neuronal cell-types, the picture is dramatically different from neuronal cells.
In GM12878 cell line (Fig , DIVERSITY finds only variants of the canonical
21 bp RE-1 motif, which contains two informative pieces separated by a small
gap. These asymmetric half-sites of RE-1 have been shown to occur individually
in REST-bound regions of non-neuronal cells [Johnson et al., 2008|: these are
detected in modes 5 and 7. We find an additional mode 6 that contains the right
half and a piece of the left half. All these modes: 5,6,7 are consistently found in

the other 14 non-neuronal cell-types we examined as well (images are present in
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the paper), but have a significantly lower ChIP score than the full site (p < 107°).

The full sites are more conserved than half-sites. Chromatin structure around
full sites is strikingly different: nucleosomes are strongly phased and evenly spaced
around the full sites, similar to what is known to happen with the insulator binding
protein CTCF in mammals |[Wiechens et al. 2016]. A weak nucleosome signal has
been described in an earlier study, around computationally predicted RE-1 (not
de novo) sites within REST binding peaks |Zheng et al., 2009].

3.4.5 Number of modes is a characteristic of the binding TF

Here we apply DIVERSITY to a collection of diverse TFs in the K562 cell-line
(Table to assess the generality of the method. The figures for these results
are given in the Supplementary section of the paper. There is a clear variation
in the number of modes detected across the TFs. As expected, the P300 protein,
a general activator that does not bind DNA directly, has the most number of
contact-types, which supports our current understanding about its function: it
binds to several different DNA-binding TFs [Bedford et al., [2010] and is a marker
for enhancers [Visel et al 2009]. Indeed, in this dataset, diversity detects motifs
resembling RUNX1, GATA, AP-1, SP1, and CTCF which are all active in this
cell-type. In contrast, in the ChIP-seq of cell-type specific TFs FOXA1, GATAI,
GATA2, and USF1, the number of modes is only two, one of which resembles
the literature consensus of the respective TF. In the case of FOXA1, the second
mode is the GATAA motif, while for the other three TFs, the second mode is a
C-rich motif. This motif also occurs in some of the other TF sets, but in all cases
the ChIP score at the sequences contributing to it is low. This may be a case of
non-specific binding. RUNXI, also a cell-type specific protein, has a mode that
resembles the RUNX1 motif, one that is a variant and a third that matches SP1,
a known RUNXI1 co-factor in leukemia [Pippa et al., 2017]. In all these cases,
the sequences contributing to the known cognate motif of the profiled TFs have a
significantly higher ChIP score than the other modes (S5 Fig), suggesting direct
binding at those places.

FOSL1 from the Fos family and JUNB of the Jun family are part of the AP-
1 complex, which is involved in multiple cellular processes. AP-1 complexes are
known to be instrumental in looping DNA and involved in enhancer-promoter

interactions [Phanstiel et al., 2017], which explains the multiple modes in these
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TFs. But interestingly, there is no unique AP-1 complex: it can contain diverse
combinations of TFs from both the Fos and Jun families Andreucci et al.| [2002].
This explains why other than the characterized AP-1 motif of TGAsTCA, there are
no common modes between the two TF datasets. In fact, in the case of FOSLI,
the mode with the highest ChIP score is a strong motif but not recorded in the
standard databases.

IRF2 is one of the interferon regulatory factors (IRFs), which bind to AANNGAAA.
Variants of this motif are discovered as distinct modes by diversity. IRFs have dif-
ferent C-terminal regions, which help facilitate specific protein-protein interactions
[Yanai et al., 2012]. This may explain the additional modes found in this set.

THAP1 is a zinc finger protein that is known to interact majorly with a general
transcriptional regulator HCFC1. HCFC1 does not bind DNA directly but via
interactions with other TFs such as YY1, E2F1, and THAP11 [Hollstein et al.|
2017], all of which diversity detects as separate modes.

3.4.6 Comparison with other motif discovery methods

Here, we compare and contrast DIVERSITY’s output to that of the two stan-
dard motif finding approaches: MEME (for wide motifs) and DREME (for shorter
motifs). We discuss the results on the 16 REST datasets, where the direct bind-
ing motif is well characterized. MEME detects the full RE-1 motif in 11 of the
16 sets (in spite of relaxing the definition of a ‘full RE-1 site’ to at least 14 bp
containing cores of both half-sites). In the remaining 5 sets, MEME finds the two
half-sites or variants as separate motifs (Figures are in the Supplementary section
of the paper). This is because in these five sets MEME identifies the two half-sites
first during its sequential motif discovery, and then masks them to find the next
most enriched motifs, therefore missing the full site. In contrast, if the full site is
more overrepresented than the individual variants, it gets detected first and the
half-sites subsequently get detected if they are individually overrepresented in the
full dataset. We see a similar picture with DREME: it never identifies the full site,
possibly because of its bias to short ungapped motifs.

The number of motifs returned by each of the three programs is different, as
well. In GM12878, for example, although neither MEME nor DREME finds the
full RE-1 motif, DREME finds 8 non-RE-1 motifs (Fig: and MEME finds
17 (Fig: , some of which are supported by only 4 sites. Indeed, multiple



H TF Known activity of TF Number of contacts discovered
FOXAT1 | A Forkhead protein, binds 2 modes: DIVERSITY identifies the
DNA and interacts with FOXA1 motif and the GATA motif.
chromatin FOXAT1 is believed to stabilize GATA
complexes by changing the local
chromatin landscape [Sekiya et al.
2009|
GATA1 | Members of the GATA 2 modes in each set: One resembles
GATA2 | family of zinc finger TFs GATAA and the other is C-rich motif
USF1 A member of the basic 2 modes: The larger mode matches the
helix-loop-helix leucine E-box, while the other is a new motif
zipper family, recognizes the
E-box
RUNXI1 | A heterodimeric TF that 3 modes: Two are variants of the
binds to a core element of RUNX1 motif, one resembles SP-1,
many enhancers and which is a known cofactor of RUNX1
promoters [Pippa et al., 2017|
JUNB It is a part of the AP-1 4 modes: Over half of the sequences
complex are accounted by the AP-1 resembling
mode, others are novel
FOSL1 | Dimerizes with other leucine | 6 modes: In addition to variants of the
zipper proteins, is part of TGASTCA AP-1 motifs, DIVERSITY
the AP-1 complex, ativator | discovers GATAA motif and two unknown
motifs
IRF2 An interferon regulatory 10 modes: The multiple modes include
factor, known to have both | promoter motifs, CTCF, and variants of
activating and repressing IRF known motifs
functions
THAP1 | Contains a THAP domain, 11 modes: Modes include motifs
colocalizes with the resembling SP1, AP1, YY1, E-box motif,
apoptosis response protein THAP11 and many promoter elements
PAWR/PAR-4 in leukemia
P300 A histone acetyltransferease | 17 modes: CTCF RUNX1, GATA,
that regulates transcription | AP-1, SP-1 are among motifs that
via chromatin remodelling feature in these modes

Table 3.1: Output of DIVERSITY on ChIP-seq data from 10 TFs in K562 cell-line
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Figure 3.9: MEME output on ChIP-seq dataset for REST in GM12878 cell line.

user-defined /default parameter values such as the minimum number of sites for
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Figure 3.10: DREME output on ChIP-seq dataset for REST in GM12878 cell line.

a motif, the E-value cut-off for enrichment, etc. decide whether a motif will be
reported in these methods. DIVERSITY, in its Bayesian formulation, uses one
primary hyperparameter A to determine how much to penalize models with more
modes. Fig suggests that variants of the RE-1 motif are probably enough to
explain the REST-bound regions in GM12878: they cover the entirety of the set.
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We of course cannot rule out the biological role, if any, of the motifs reported by

MEME/DREME.
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Figure 3.11: InMoDe output on ChIP-seq dataset for REST in GM1878 cell line

We also compared DIVERSITY results with the output of another motif dis-
covery method, InMoDe that identifies different ‘motif types’ in a given dataset.
However, InMoDe needs to be given both the width of the motifs and the number
of modes to be identified by the user. Thus, we ran InMoDe on the REST datasets
with the same number of modes that DIVERSITY found optimal (one such ex-
ample is in Figs: . We kept the motif width as 20 to make sure that it has the
chance to discover the full RE-1 motif. In 15 out of 16 REST datasets the full motif

is one of the detected modes, but only in 5 are both half-sites detected as separate

modes, which are understood to be prevalent across cell-types |Bruce et al., 2009]
and are detected by DIVERSITY'. Instead, InMoDe finds several modes with low

information content, which may have biological significance, but at this point we

cannot explain. We stress that this is not a fair comparison, since the motivation
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behind InMoDe and therefore its objective function is very different from DIVER-
SITY’s, implying that the number of optimal modes as determined by diversity
may not be optimal for InMoDe. But there is no mechanism currently, in InMoDe,
to identify the optimal width or number of modes. That said, InMoDe is signifi-
cantly faster: it takes only 20 minutes on the neuronal REST dataset to find 12
modes on a single processor, compared with 85 minutes taken by DIVERSITY in

parallel mode.

3.5 Discussion

A ChIP experiment reports all the regions that are associated with the target
protein, whether the protein binds directly to that region or indirectly via inter-
mediaries. Thus, we often get a mixture of regions that contain binding sites of the
target protein along with binding sites of other TFs with which the target protein
might be interacting. DIVERSITY discovers the various components present in
the entire set of regions using no prior knowledge of the motif or the TF. The pro-
portion of the sequences in each of these components vary across different datasets:
for example, DIVERSITY could identify a small set of sequences containing the
full RE-1 motif in the neuronal REST dataset.

Since our method uses a sampling-based approach, we have the option to start
the algorithm from multiple initializations as well as use variable number of iter-
ations after the burn in period to speed up the execution. DIVERSITY has a
parallel implementation and is comparable in speed with standard motif discovery
methods. The time required for convergence depends upon the dataset. If there
are few clearly defined modes, then we get a faster convergence as compared to
a large number of modes or when the modes are not distinctly separable. For
example, the neuronal REST data which is one of the more diverse of our sets
DIVERSITY takes an hour and 25 minutes to learn a model of 12 modes. When
compared to a similar sized K562 REST data, DIVERSITY takes less than an
hour there to identify 7 different modes. Ideally, DIVERSITY has to learn all
models with number of modes in the range given by the user (1 to 20 in this case)
before it can report the optimal model. Thus, the total time taken for the neuronal
REST dataset is 27 hours. On the same machine, MEME when run in parallel
mode takes over 40 hours to find 20 motifs (Fig: [3.12).
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Figure 3.12: Run time of DIVERSITY is comparable to that of MEME. DIVER-
SITY and MEME were run on all 16 REST datasets as compiled by Rockowitz
et al. (2014) [Rockowitz et al., [2014]. Both were run with the option of using 16
processors on Intel(R) Xeon(R) CPU E5-2630 v3.

From the results of DIVERSITY on various datasets, we can see supporting
evidence towards the fact that diversity in regulation is driven in large part by
diversity in sequence. The chromatin structure as well as sequence conservation
correlates with different modes. DIVERSITY has also provided us with prospects
of knowing the functional importance of each reported ChIP region by examining
the different characteristics of the detected modes. It was observed that some
of the modes played an important role in chromatin organization , some in ac-
tivation while some in repression and so on. This can be learned by combining

information from other sources such as histone/DNA modification, sequence con-
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servation, gene ontology(GO) of downstream genes etc. In particular, we showed
that DIVERSITY can give new insights into protein-DNA interactions even in
widely studied TFs like the fly CTCEF: it appears to bind human-like CTCF sites
with lower efficiency; it interacts with specific promoter architectures; and that
CTCF-Pita is likely a melanogaster subgroup-specific interaction, at least in the
embryonic stage. Furthermore, our results suggest that one Su(Hw) molecule may
be interacting with two distant DNA regions through its various zinc fingers. We
hypothesize this as a similar event has been observed in the binding of Gata3.
Gata3 has two zinc fingers and has been shown to bind to two GAT half sites sep-
arated by a long linker region [Chen et all 2012|. Admittedly, such experiments

for Su(Hw) are necessary to confirm our hypothesis.

DIVERSITY currently does not model the efficiency of the cross-linking or the
immunoprecipitation step. Consider a situation where the profiled protein binds a
DNA region through a chain of intermediaries. For the region to be reported, each
interaction in the chain must get fixed during cross-linking and the antibody should
be capable of recognizing the protein when it is part of this complex. Perhaps
incorporating the accompanying ChIP binding score in the model will give further
insights into the stability of the complexes. We also note that a ChIP experiment
has its own limitations. Phantom peaks biased towards highly expressed regions
have been reported in ChIP-seq experiments [Park et al., 2013|. Indeed, several
promoter elements are identified as separate modes in many of the datasets studied
here. Therefore we cannot discard the possibility that other modes are picked up
perhaps because the regions are open and the TF “happens” to co-localise there,
without its own cognate motif or is simply a result of an artifact of the ChIP
experiment. One needs to be cautious when calling an identified mode the motif of
a “co-factor”. Since the only information DIVERSITY uses is the DNA sequence at
the ChIP regions, it can make no claim of the function of the identified components;

that needs to be validated by separate means, with additional experiments/data.

The framework of DIVERSITY is conceptually different from standard motif
discovery tools, since it asks and answers a very different question. Therefore,
DIVERSITY does not seek to replace these tools but it can provide insights in
cases where diverse configurations of the same TF are to be detected, especially
in case of ChIP data. We note that it might be helpful to have such an analysis
for other types of high-throughput experiments that identify regulatory regions
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such as active enhancers [Arnold et al., [2013], accessible chromatin |Consortium
et al., [2007], transcription initiation |Lizio et al., |2016| as there is even more
likelihood of such data to be a mixture of multiple sequence components. For
example, DNase I hypersensitive sites (DHSs) are accessible regions: they may be
reported because they are active promoters, or enhancers, or insulators, or even
matrix-attachment regions. There must be diverse sequence signatures that will
explain the function of the DHSs. However, DIVERSITY limits each sequence
to have only one binding site: in other words, one mode is defined by only one
motif. For a ChIP-seq experiment that measures a specific TF-DNA interaction,
this is a reasonable assumption, but to use DIVERSITY on the above mentioned
high-throughput experiments the definition of a mode needs to be relaxed to a
collection of motifs.
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Chapter 4

Resolving protein-DNA footprints
from exonuclease-based ChIP

experiments

Chromatin immunoprecipitation followed by sequencing is the method of choice
to identify the binding sites of a target protein throughout a genome. Although
it is commonly used to investigate binding of a wide range of entities like TFs,
modified histones, chromatin modifying enzymes, it suffers from a few limitations.
Non-deterministic fragmentation of the DNA and contamination of the immuno-
precipitation process due to unbound DNA produce false positives and leads to
imprecision in mapping. To address these issues and to improve the resolution of
the mapping of the TF binding sites, a modified version of the ChIP-seq protocol
was developed called ChIP-exo [Rhee and Pugh| 2012|. It uses a lambda exonu-
clease enzyme to digest the unbound double-stranded DNA from 5’ to 3’ end until
it encounters a bound protein. Free DNA is largely eliminated by the exonuclease
digestion. It also ameliorates the mapping resolution by causing the 5 end cuts to
be more concentrated near the binding sites. When these DNA read fragments are
mapped to the genome, the profile of these 5’ cuts can be used to precisely identify
TF binding sites. Like ChIP-seq, ChIP-exo also captures both direct and indirect
binding sites of the target protein, which can be characterized by the differences in
not only the binding site but also in the 5" end read profiles. We show that using
both the reads and sequence information available in the exonuclease-based ChIP

experiments, we can resolve the mixture of ChIP-exo footprints into diverse modes

7
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of binding of the target protein. To learn a joint distribution over the reads and
the DNA sequences, we extended the model for DIVERSITY and built a frame-
work ExoDiversity. We discuss the model and its working in details, followed by
the results obtained by ExoDiversity on different datasets from exonuclease-based
experiments.

This work is published in Biswas and Narlikar| [2021a] and much of the work

presented here follows from the paper.

4.1 Introduction

In a ChIP experiment, both protein-protein and protein-DNA interactions get
crosslinked in vivo and thus genomic regions that are directly bound by the target
TF or indirectly associated with the target TF as part of some protein complex,
are equally likely to be immunoprecipitated. The identity of these DNA fragments
are discerned by sequencing and then mapped to the reference genome. At this
stage we get a set of genomic regions which are typically of length between 100
and 1000 bp. The actual TF binding site which is of length around 6 to 20 bp can
be anywhere in this region.

To improve the positional resolution of these binding sites, several upgraded
version of the ChIP method were developed that use the lambda exonuclease en-
zyme after the immunoprecipitation step to degrade the unbound DNA in the 5’
to 3’ direction. It leaves the DNA at the 3’ end of the crosslinking event intact,
and these read fragments once mapped to the genome produce precise directional
footprints close to the complex on both the forward and the reverse strands. When
these footprints are properly aligned, they are expected to reveal the DNA binding
sites of the target protein. However, it has been observed that these footprints are
not the same at all the locations and the variations in them depend upon multiple

factors:

i The actual protein binding to the DNA: it may be the target protein or some
other protein which is a part of a complex or simply co-occurring with our

target protein.

ii The nucleotide sequence that is present at that binding site: a TF can nor-

mally bind to a set of distinct nucleotide sequences with varying binding
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affinities.

iii The precise location of the crosslink within the protein-DNA complex. The
crosslinking creates a barrier for the exonuclease enzyme, resulting in the

eventual distribution of the reads.

We need to categorize these footprints in order to identify the various protein-DNA
contacts forming at the complexes. Two different approaches were pursued to un-
derstand and cluster the binding events in the reported set of regions. ExoProfiler
by Starick et al. [Starick et al.,[2015] is a pipeline that first scans the DNA regions
with pre-established DNA motifs of interest and extracts the putative TF binding
sites. Then the read footprints are plotted and analyzed separately at these bind-
ing sites to gain insights into the potential complexes and the binding mechanism
involved. The second approach developed by Yamada et al. |[Yamada et al., 2019|
learns the different types of binding events present in the data by jointly consid-
ering the reads and the DNA sequences corresponding to the reported regions.
Their method ChExMix first initializes potential binding events into subtypes ei-
ther based on de novo motif finding or on the read distributions present in the top
500 to 1000 most enriched regions. Then these subtypes are refined over the com-
plete dataset by using Expectation Maximization in the subsequent iterations. We
present a new approach ExoDiversity that does not require the motifs to be known
apriori and similar to ChExMix divides the ChIP-exo binding events into different
binding modes based on both the read distributions and the sequence motifs. But,
unlike ChExMix, ExoDiversity is built on a model-based Bayesian framework that

uses both these sorces of information simultaneously on the complete set of regions.

Using ExoDiversity on various datasets, we demonstrate that it can resolve the
read footprints to a single nucleotide level, which correspond to differences at the
base pair level in the sequence motifs. The binding modes identified by it relate
to different properties of the genome like sequence conservation, DNA shape and
helps us in understanding some underlying factors responsible for the exonuclease

digestion activity.



80

4.2 Approach

ExoDiversity is built by extending our previous method DIVERSITY, incorpo-
rating the read distributions and some more parameters associated with them. It
takes the bound regions reported by a ChIP-exo experiment as input along with
the corresponding mapped reads in both directions and, in case of the availability
of the control experiment, the corresponding reads from that as well. ExoDiversity
goes on to partition the regions into different binding modes such that each mode
is characterized by a DNA motif and the corresponding read footprints, which are
learned as a joint distribution over the datasets. Multiple models with different
number of modes are learned and finally using the Bayesian Information Criterion
(BIC) the best model is selected.

4.3 Model description

From the input datasets we have the following:

o A set of n DNA sequences X = {X;,X,,...X,}. X;; can be one of
{A,C,G,T,N} with < j < L; where L; is the length of sequence X for
1< <n.

o A set of n vectors R" = {R,RJ,... R} representing the read counts
corresponding to X on the positive strand. R;; denotes the number of reads
whose 5" end maps to the genomic location corresponding to X;; on the
positive strand. These count values are discretized to binary values based on

the median read count or a user-defined threshold.

e A similar set of n vectors R~ = {R;,R;,... R, } corresponding to the

negative strand.

A binding mode is defined by a joint probability distribution over the sequence
motif and the read footprints in both the strands. The motif is modelled as a prod-
uct of independent categorical distributions over the four nucleotides {A, C, G, T'}
and the read footprints as a product of Bernoulli distributions for each of the
strands at the two ‘read windows’ near the motif Fig:

Since exonuclease digestion produces very precise and sharp read distributions

near the motif site, we consider a small window of width 5 on both the positive
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Figure 4.1: The ith datapoint consisting of the DNA sequence X, positive strand
reads R

., negative strand reads R, belonging to mode k is shown. The red and

the blue boxes correspond to the positive and negative strand read windows having
width w;’ and w, respectively. They are modelled using Bernoulli distributions
given in ¢, and ¢, . The 1 and 0 are the binarized read count values. The pink
box represent the DNA motif which is present at location Z;, and it is modelled
using PWM parameters ¢;. The positive and negative strand read windows are
at a fixed distance 7,7 and 7, from Z;. Only X;, R and R; are known; the rest

are learned from the data

and negative strands as the read windows. This width can be changed by the
user, but it remains fixed for the read windows in both the strands. The positions
of these read windows with respect to the motif, the motif locations within X,
the motif probabilities as well the Bernoulli probabilities are all unknown and are
learned by ExoDiversity. Thus, ExoDiversity partitions the dataset into m binding
modes while learning the values of the parameters 0,, of a model M,, which has

six components 6,, = {Z,I,w, ¢, T,v}:
e 7;: The starting position of the motif in X
e [;: The binding mode for X;; < I, <m

e w;: Width of the motif in mode k; 1 < k <m
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e w;', w,: Width of the read window defining the positive strand footprint and
negative strand footprint respectively in mode k. Here its default value is 5

but can be changed by the user.

o ¢;: PWM values for motif of mode k. ¢,(b) is the probability of finding
nucleotide b at position a in the PWM of mode k; 1 < a < wy,

e ¢;: Bernoulli probabilities for finding a read on the positive strand for mode
k. gb,ja(l) is the probability of having a positive strand read at position
a within the read window of mode k, while ¢;,(0) = 1 — ¢; (1) is the
probability of finding no read there; 1 < a < w;"

e ¢, : Bernoulli probabilities for negative strand reads in mode k similar to
b5

e 7,7 distance of the start of the positive strand read window from the start

of the motif in mode k (positive read window offset)

o 7, : distance of the start of motif from the start of the negative strand read

window in mode k (negative read window offset)

e ~: Categorical distribution over m modes. ; is the probability of a sequence

belonging to mode &

The background distribution over the DNA sequences is considered as a second
order Markov model learned separately for each sequence in X and its parameters
are stored in ¢g. Similarly ¢¢ and ¢, have the parameters of the background
read distributions for the positive and negative strand. These are considered as
zeroth order Markov models learned directly from R* and R™.

We assume that the DNA and the read are independent conditional on the mode
information. Thus, the likelihood of a datapoint i consisting of (X;, R;", R;) is
given by:

P(X,,R! R; |0,,,M,,)=P(X,;|0,,M,)x P(R} |0, M,)

(4.1)
¥ P(R; | 0,,, M,,,)

The first term in the above equation Eq: is the likelihood of X considering it

belongs to mode [;. It thus contains an instance of the motif corresponding to I;
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at location Z; and have the background nucleotide distribution elsewhere.

wr,
P(X; | 0, M) =P(Xi1, Xin ... Xizoo1 | ¢0) % || 61.0(Xi zi4a-1) %
a=1

P(Xi,Zi+w1i7 s Xi,Li ¢0> (42)

wli
1:[1 ¢1,.0(Xi Zi+a1)
P(Xi,Zi o Xi,Z7;+’LU]Z.71 | ¢0)

X

This is obtained when we normalize the RHS by the background probability. In a
similar way we can calculate the likelihood of R} and R; using the probabilities
in the read windows in the positive and the negative strands and background

probability at other places.

S
w
I

P(R} | 0,0, M) =P(Ry, RSy ... Rizs 1 | 3) x [ [ 5,0(Xizs4a1)
a=1

S
P( 0, Z54ws 0 Rz‘,Li
1

®o) (4.3)

wi_
H1 07, o(Xizs 4a-1)
a=
P(Rizs, . Rizsiw; -1 | ¢0)

0.8

Here s € {+, —} and the position of the read window 7} = Z; + 77..
The full likelihood of the dataset can thus be calculated as:

P(X,R" R |6,,M,) =[] P(X; Rf,R; | 6,,, M,,) (4.4)

=1

The motifs can be present on either strand and the read footprints might not be
symmetric and as a measure to include the strandedness, the DNA sequences are
appended with their reverse complements while taking care to reverse and append

the reads appropriately.
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4.4 Objective function

The goal is to learn the parameters of the model M,, to maximize the posterior

distribution:

6,, = argmax P(0,, | X, R", R~, M,,) (4.5)
0

m

— argmax P(X,R*, R™ | 0,,, M) x P(6,, | M,,) (4.6)
0

m

4.5 Model learning

We use collapsed Gibbs sampling to marginalize over ¢, ¢*, ¢~ and ~ thus effec-
tively bypassing the complexity of sampling every component of the high dimen-
sional vector 8,,. While we integrate out these parameters from the conditionals,
we iteratively sample for the other parameters: the motif start positions (Z;) and
the mode of binding (I;) for each datapoint i, the read window offsets (;7,7,)
and the width of the motifs (wy) for each binding mode k. Conjugate priors of
Dirichlet and Beta are chosen for convenience of integration. The Dirichlet prior
with equal hyperparameters amp,qir is taken over each position of ¢, and a Beta
prior with equal hyperparameters cyeaq is considered over each position of ¢, and
¢, . For v, we again assume a Dirichlet prior with equal hyperparameters amode-
The values of these hyperparameters can be changed by the user but by default we
have the non-informative value of 1 for qyeaq and apeqe and a sparsity promoting
value of 0.5 for ay,etir. The sampling expressions for Z;, I;, and T]j_ or 7, based on

the conditionals are given below.

Sampling for Z;

We use the notation V|_; to denote the vector V' without the ith component. For
any j =1, TZ__ +1,... Li — 7, —wp, if Z; = j, then the sampling expression for Z;
will be:

P(Zz = j ’ X7 R+7 Riu Z[—i]7 I7 w, ¢07 ¢E)r7 ¢87 T+7 Tﬁ)
wr;
11 #10(Xijra) 11 #1a(Fijiry o) (4.7)

X X
P(Xij, - Xijw,—1 | ¢o)

se{+,—}
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where ¢r, , and ¢}, are the posterior means of ¢r, , and ¢f. , conditional on the

current values of all the parameters except the ¢th datapoint.

Otmotif + Z 5[Xp,Zp+a = B, Ip = ]z]

p=1

O1.0(B) = o (4.8)
4amotif + Z 5[[17 = Iz]
=1
i
s+ 3501 11710 = ATy = 1]
p= i
s #i
$7,.a(A) = - D (4.9)
2aread + Z 5[[19 == I’L]
=1
P

d[condition] = 1 when condition is TRUE and 0 otherwise.

Sampling for I;

The motif start position is fixed after it is sampled for X; and then we sample for

the binding mode of the sequence. For I, = k

P(-[l =k | X7R+7R_7 ZJI[—i]aw7¢07¢a_7¢aaT+7T_)

Wi wp
1:[1 ¢k,a (Xi,Zr‘ra—l) l:[l ¢z,a(Rf,Zi+T£+a—1)
XWX By, , X M s & :
( 0,25 - 2w —1 ’ ¢0) se{+,—} ( L2+ L 2T wp —1 | ¢0)

(4.10)

where 7 is the posterior mean of 4 conditional on the current values of I except
for the ¢th datapoint

Qmode 1 Z 5[[1) = k]
p=1
~ pFi

M= M.Omede + 1 — 1

Sampling for 7;" and 7,

Once the motif start position (Z;) and the mode of binding (I;) are sampled for

all the sequences X; for « = 1,2,...n, we iterate over the modes to sample the

values for the read window offsets in both the positive and negative strands. 7,5
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and 7, determine the position of the read windows with respect to the start of the
DNA motif for mode k. The value for 7, is sampled from all possible positions
as long as the positive strand read window does not go beyond the motif’s 3’ end.
Similarly, the value of 7 is also sampled from all possible positions as long as the
negative strand read window does not precede the motif. In a later version of the
software, we have included a flag that allows for the positive strand read window
to go beyond the 3’ end of the motif, constraining only the start to lie before the
3’ end. Similarly, in the case of the negative strand read window, the flag allows it
to go beyond the 5’ end of the motif with the constraint that the negative strand
read window cannot lie entirely to the left of the 5" end of the motif. All the results

presented here are obtained without using this flag.

5 3"

&
e

Z;

Figure 4.2: The red region shows all possible start positions for the positive strand
read window and the blue region indicates the possible start positions for the
negative strand read window. This assumption (without using the flag added

later) was used to get the results presented here.

If [ is one of the possible positions for 7,7, then the conditional probability that
75 =1 is given by:

+
n wfi

P(ri=112.1,X, R R) < [[[] b 2rsa) (4.11)
=1 a=1

I;=

where &EL is similar to Eq: but over all the sequence.

- p,Zp—i-T,gL-i—a
¢Ij::a(A) = n (412)
2 Crena + 3 O[1, = ]

p=1

Olread + Z 6[R+ = A, ]p == k]
p=1
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7, is sampled in a similar manner.

Sampling of wy,

The width wy, of the motif in mode k is sampled in a way similar to that of DI-
VERSITY. Instead of sampling from a large set of possible values in one iteration,
the width is allowed to increase or decrease by 1 on either side of the motif, or stay
the same. We noticed that the width does not change very often, so we sampled
it after the other variables are sampled 10 times to speed up the entire sampling
process. The initial width is set to a default value of 12, but it can be changed by
the user.

Each sampling run is started from 10 different random initializations and this

number can also be adjusted by the user.

4.6 Model selection

During sampling, for each sample from the Gibbs Sampler, we calculate the pos-
terior score using the posterior distribution (from Eq: . Sampling is stopped
when the value of the posterior score does not increase for 5 x n iterations. At
this point the sampler is assumed to have converged. After this, we perform a Hill
climbing routine from the state of the model corresponding to the best posterior
score obtained till now, similar to DIVERSITY. At the end of this, we report
the final instance of the read distributions and the motifs as the MAP estimate of
Eq: 45

Since the optimal value of m is unknown, we learn models by varying the value
of m. Then we calculate the Bayesian Information Criterion (BIC) score for each
model, which is a function of the posterior score and the number of free parameters
[Murphy, [2022]. The model with the minimum BIC score is reported as the best

model.

BICx;, = K.log, n — 2.1og,(P) (4.13)

Here, K is the number of free parameters, which for our model M,, includes the

3 free parameters for every column of the PWM, 1 parameter for every position of

~

the read window and 2 parameters for the read window offsets for every mode. P
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is the posterior score of the model at the MAP estimate.

K=Y (3w+w +w +2)

4.7 Using models to predict

Given a model M, learned by ExoDiversity and a new datapoint D = {X, R*, R™}
where the DNA sequence X is of length L with associated read counts sequences
R* and R, we can calculate the probability of it belonging to mode k& of model

M, by marginalizing over all possible motif positions Z:

L
P(I=Fk|D,0,, M,)xy» P(D,Z=j|6,, M,) (4.14)
j=1
where
. 1 .
P(RY | Z = j,¢7,77) %
PR | Z=j.¢;,7,) (4.15)

The three individual probability terms are computed using equations 4.2 and
4.3

For a given model M,,, we can also calculate the average probability of as-

signing a datapoint belonging to mode v to mode v. This can be represented as a

confusion matrix where every entry (u,v) is computed as follows:

1 n
> P(l;=v| D6, M,) (4.16)
=1

number of regions in mode u 4+

Iiz’ll,
In the cases where only the motif or only the reads are used, the corresponding
terms are dropped from Eq: [4.7]
We can similarly compute the probability of a datapoint given model M, by

marginalizing over I and Z:

m L

P(D |6, M,)=> %> P(D,Z=j|6, M,) (4.17)
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assuming the starting position Z of the motif to be equally likely to appear any-

where within X

Given two models M, and M, we can compute the log odds score for the

datapoint:

P(D |6, M,)

S(D) = logP(D 0, M,)

(4.18)

which is used for classifying D.

4.8 Using different distribution for the reads

Instead of discretizing the read count values to either 0 or 1 as is the case with
the ExoDiversity model, we can take the original values and fit an appropriate
distribution to them. We chose the Poisson distribution to model these discrete
read count values at each position within the read windows. Thus, for the read
distribution, we use w;,+ number of independent Poisson distributions for the
positive strand read window and w, number of independent Poisson distributions

for the negative strand read window for each mode k =1,2...m.

The background probabilities for the reads are Poisson probabilities with the
parameter A _, calculated as the mean of the read counts in each sequence R;.
We observed that at certain locations the read count values are very large and
thus taking them as it is leads to situation where these positions get a very low
background probability which causes the posterior predictive score to be very high.
Thus, we adopted a method of masking these outliers by the 98th percentile value
of the dataset.

Here we look at the posterior calculation for Z when we learn a joint distri-
bution over the sequence motifs and the reads and when the read counts at each

position within the read window follow a Poisson distribution.
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P(Z,| X, R" R, 0, ¢, ;)

x P(Z,X,R",R" | ¢o,¢7. )
=P(X,R",R" | ¢, by, by, 2Z) x P(Z)

=P(X | ¢0, Z) x P(R" | 3. 2Z) x P(R™ | ¢, 2Z) x P(Z)

— P(2) /¢ P(X. ¢ | o Z)deb x

/¢ PR 67| 95, 2)dg" % / PR ¢ | by Z)ddp~

_ p(2) /¢ P(X | ¢, ¢0. Z) P(¢)d¢p

/¢ PR 67,67, 2)P(§7)ig" x / P(R™ | &, o Z)P(¢p™ )y~

Consider reads on the +ve strand, and also let ¢™ be A*. These are the parameters

for the Poisson distributions in the positive strand read window

| P 67002000t = [ PRT I 01 2)PAix"
o+ A+

= / P(R" | AT, Z)P(AT)dAt  (4.19)
At

The above term gives the marginal likelihood of R where elements in every col-
umn in the reads window follow a Poisson distribution with parameter )\;j for
=1,2...w and k = 1,2,...m. We consider a conjugate prior of gamma distri-
bution with hyperparameters aqead, Breaq the values of which are assumed to be 1

by default. We use the following for the probability calculations:

Az
Poisson-pdf(z, \) o ‘)\
x!
a)\(oz—l) -8
Gamma-pdf(\, a, B) —%T)e

If C is the count of sequences in mode £ and Sy ; is the set of read counts at
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position j within the read window belonging to mode £ then,

/ P(R* | A+, Z)P(AH)dA*
At

+ +
me e exp(—A T (Bread) e A T exp(— Ay Brea

- [T =™ ] G e
k=1 j=1 B! I'(ctread) ’

i=1 k=1 j=1
Ii=k !

oz

rESk]

eXp Ck )\k,j))\ (ﬁread)aread )\zread_l eXp(_)\k,jﬁread)

/ HH p X o) g

k=1j=1

mGSk j
( E%: x+aread71)
/1—[ H exp Ck)\kj )\k,jﬁread) o (ﬁread)aread d\
l ki
Pl Ie];[k ,I‘ .F(aread)
\J
m w;r (6read)areadr( Z x‘i_@read)
- H H wGSkJ %
o !
==\ E T (Crend)
(ze%i m‘i’olreadfl) ( Z x'f‘aread)
eXp Ck )\k,] + )\k ]6read) 7 (ﬁread + Ck) 7€k,
H H ( Z x+aread) d)\kvj
k=17=1 (Bread + Ck) €5k, P( Z T+ aread)
ZESk,j
m w,c <6read)areadr( Z T+ aread)
LEGSkJ‘
- HH ( Z 1'+O‘read) X
k=1=1 (ﬁread +Ck> 7€5k.g . H l" -F(aread)
xGS;w'
2 @teread—l) (% @+areaa)

ZGS z .
" (Bread + Ck) kg

H H/ eXp Ck + ﬂread) /\k,]> d\g i
F( Z T + Qead) v

k=1 j=1

zGSkyj
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m wh (Breaa) = L'( > & + Qread)
o IESk,j
o HH ( Z x+aread) X
k=15=1 (ﬁread + Ck) €5k.5 . H Z" 'F(Oéread)
.ZGS}CJ'
’LU+
m W
H H / Gamma-pdf(Ay,j, ( Z T + read); (Bread + Ck))d A j
k=1 j=1 x€Sk,j
m w;: (ﬁread)areadr( Z T+ aread)

_ Z’ES]C,]' 1
o H H ( Z x""arcad) X
k=175=1 (ﬁread + Ok) €5k.j . H .Z" -F(aread)

xESk’j

Thus we see that the posterior probability for a position j within the read window

for mode k follows the Gamma distribution with the following parameters:

/
o = E T + Qlread

IEGS}CJ (420)
B, = Bread + Ck

In order to score the read windows while sampling the start position of the motif
we need to calculate the posterior predictive value for the read windows in both
the strands. Consider a read value in the positive strand x = R:j with [; = y. If
A, is the parameter for the Poisson distribution at a certain position z within the

positive strand read window, then the posterior predictive score can be written as

/ P(RY, | Ao, Zo, )P )dA

z

- / P(x | M. Z2, ) POV,

z

_/exp(—)\z).)\§ y (B A exp(=A.f)
B x! (o)

[exp(=A(1+ B)) AT ()
_/ ! T(o) -

dA,

d,

G /exp(—w + AN AT (B 1) D (@ + o)
-~ 2lD(o) (B + 1" Iz + o)



d,

_ ) Latd) /exp( SR )P R R Vi
! T(a)  (p+1)"T T(w + o)

!

_») I'(z+ o) o
N z! F(O/) x (ﬁ/ + 1)m+a/ /Gamma-pdf()\27 T+ ,B + 1)d>\z
(8)Y I(z + o)

2! D). (B + 1) .
~Tl+d) (8~ Lo\
- T(a).2! 8 (B + 1)« % <1 —|—B’>

- ($+i/_ 1) 8 (11?/5')&, < (1- 155/)36
)
1+ 05

= Neg-bin pdf(z,r =o', p =

Thus the second term for the reads in Equs: [£.7 and will become

)

Neg-bin pdf(R%, trita1 T o, p= 5

H H Poisson-pdf( R, +rota— 1?)‘back>

se{+,—}a=1

Sampling the value of 7} can be written as:

+
w
I

r (Z’ + aread)

Py =1|Z,I,X,R" R") x
a=1 H ZZ —l+a° (Bread"’ Z(S[I = k]) (z+aread)

=1

li

where

n
_ E S
Tr = RZ,-—l-i—a

Li=k

dlcondition] = 1 if condition = True, else 0

4.9 Results

93

The accession numbers and the sources of all the real datasets used to obtain the

results in this section are listed in Chapter: [6]
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4.9.1 In silico mixed data

To evaluate the performance of our method ExoDiversity, we should ideally run
it on a simulated dataset where we can artificially plant the read and the motif
footprints or on a ChIP-exo dataset where the true footprints are distinct and well
established. However, the existence of such a ChIP-exo dataset is not currently
known, and the simulated dataset will be constrained by the assumptions of the
planter and may be far off from reality. Therefore, we followed a similar method-
ology like Yamada et al. [Yamada et al. 2019] where two different ChIP-exo
datasets for TFs with well established direct binding motifs are mixed along with
their read counts data. Here, we first describe the procedure that was followed to

create the in silico mixed dataset.

Dataset creation

ChIP-exo datasets containing the mapped read fragments in BAM format for the
two TFs CTCF and FoxA1l, were mixed in equal proportions to create our dataset.
MultiGPS [Mahony et al., [2014] was run on the BAM files for CTCF and FoxA1l
separately with the corresponding control file to obtain the summits for each TF.
Regions of length 240 bp around the summits were extracted and 5000 regions
from each dataset were randomly chosen to make a dataset with a total of 10000
regions. While choosing these regions, it was checked that they did not contain
repetitive DNA or overlapped with each other. These 10000 regions were mixed
and the BAM files from both the experiments were merged. The mixed reads were
control subtracted after scaling and along with the peak regions were given to
ExoDiversity to run with its default parameters. While comparing with ChExMix,
it was run with its default parameters with the regions file and the mixed and the

control BAM files as input datasets.

Results from ExoDiversity

The peak regions of both the experiments were individually processed and 5000
such regions for the two experiments were mixed. The goal is to see if the CTCF
and the FoxA1l footprints can be resolved considering this mixture of 10000 regions
along with the combined reads. ExoDiversity finds a total of 6 modes. The first
two resemble different variants of the CTCF motif, with over 85% of the sites
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coming from the CTCF peak regions. The next two modes have variations of the
FoxA1 motif, with almost 90% of the sites in the FoxA1 peaks. The last two modes
contain motifs which do not resemble any known motif, but they account for the
remaining 24% of the 10000 sequences. Among these last two modes, mode 5 is
accompanied by a strong positive read signal five bases upstream in contrast to

mode 6, which has no enrichment of reads.

(A) ExoDiversity (B) ChExMix
1% - Mode 1 Subtype 1

504

1,404; %gj QCAcéA AL .CAczi iltAc?A REVICA % ;

3,495

aa - Mode 2 Subtype 2

— %ﬁCCAcsA AGVVeGe xj cc E el ;’ 267

1,669 =

142« Mode 3 Subtype 3

' * g
-l %;?}TATTTAQH { Go (oelly =m0
200 Mode 4 SUbtype 4 S 220
1961 - ——&:::——‘——gjLTTTAQIII %;hAIITA(P;m “a12s
275, N MOde 5 660
a . No subtype
704, J____%mmii%ggéc e (unexplained peaks) ».
N Mode 6
537. 150 . c FoxA1 peaks CTCF peaks
) PSS IR ) W ¢ -7 with motif with motif

JASPAR motifs

CTCF . | FoxA1
(MAD139.1) - ACCACLA ReUC%e. _TATTTAC&I. (MOA)E)148.1)

Figure 4.3: Motifs found in a mixed dataset with 5000 FoxA1 and 5000 CTCF
regions in the MCF-7 cell line. Unlike in ExoDiversity, the numbers in the pie
charts for ChExMix do not add up to 10000 since it finds multiple subtypes in

some regions and none in others

We note that modes 1 and 2 differ in the 3’ region of the motif: the presence
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of these nucleotide dependencies have been shown before [Eggeling et al., 2014,
Narlikar, [2013|. Interestingly, the read footprints are different in intensity within
both the CTCF and FoxAl variants: modes 2 and 3 have stronger read signals
than their variants modes 1 and 4 respectively. The only other approach that
detects subtypes of binding in ChIP-exo experiments using de novo motif finding
is ChExMix, and it finds four subtypes. The biggest one is a clear match to CTCF
and like the first two modes of ExoDiversity has over 85% of the sites in CTCF
peaks. The next two motifs are weaker which although bears some resemblance to
the CTCF motif but are less specific to CTCF peaks. The fourth subtype matches
the FoxA1l motif and is enriched in the FoxAl peaks, but it explains only 42.5%
of the total FoxAl peaks, in contrast to over 70% of the FoxAl peaks that are
explained by one of the modes 3 or 4 of ExoDiversity. Overall, the motifs learned
by ChExMix are weaker in terms of information content than those learned by
ExoDiversity. This might be because ChExMix uses the motif discovery method
MEME in each subtype to find motifs in the top enriched 500 to 1000 regions, but
when extended to the full set of regions the motif becomes weaker. Nevertheless,
the total number of peaks not explained by a CTCF or a FoxAl motif are only
a little different between the two methods (2407 for ExoDiversity and 2651 for
ChExMix)

4.9.2 ExoDiversity results on ChIP-nexus datasets for Sox2
and Oct4

We next applied ExoDiversity to 7465 ChIP-nexus regions for Sox2 binding in
murine embryonic stem cells |Avsec et al., 2021]|. Sox2 is a key factor that helps
regulate pluripotency in embryonic stem cells (ESCs) and recognizes two types of
motifs shown in the box in Fig: [£.4l ExoDiversity splits the data into 12 modes of
binding, the first of which resemble the Sox2 motif. They differ in the 5" flanking
DNA and these differences correspond to the variations in the read signals as well,
which are shifted by one or two positions on either strand. This indicates that
the Sox2-DNA binidng at the motif variants is different structurally. Further, the
ChIP enrichment scores as reported by MACS at these modes are also found to be
different, with the first mode having a significantly higher Sox2 occupancy with
a Wilcoxon p-value < 1071%. Modes 8-10 match the Oct4::Sox2 dimer motif, and
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these modes are also found to be significantly more occupied by Oct4 (grey plot
at the right in Fig [4.4). They have differing Sox2 occuppancy, with mode 8, like
mode 1 having a significantly higher Sox2 occupancy (Wilcoxon p-value < 10710
on the ChIP scores) as compared to modes 9 and 10. An interesting feature to note
here is that although the motifs in modes 8-10 when compared to motifs in modes
1-7 have an additional Oct4 motif on the 5’ region, the positive strand read signals
do not appear to be shifted. This suggests that even though Oct4 presumably does
not bind to modes 1-7, the exonuclease digestion is nevertheless hindered similar
to locations where Oct4 does bind. It might be the case that the position of the
Sox2 protein is enough to obstruct the exonuclease from digesting that part of the
DNA. Modes 11 and 12 do not match any database motifs, but the accompanying
strong positive read signal for mode 12 suggests a potential experimental bias or
artifact.

Looking at the partitioning given by ExoDiversity, we notice that visually,
many modes appear similar. To quantify this similarity, we estimated the poste-
rior probabilities in 3 different ways. First, we calculated the probability of every
datapoint belonging to each mode based on its corresponding reads and sequence
information using Eq: [4.7] Unsurprisingly, the ‘true mode’ is always the most
probable. We did a similar exercise using only the sequence information (X and
¢) and then using only the reads information (R",R™,¢p7,¢p~). The mean proba-
bility of sequences of a particular mode predicted to belong to other modes using
each of these scoring techniques is represented as three confusion matrices in Fig:
4.5l Modes 1-7 and 8-10, which are variations of Sox2 and Oct4::Sox2 motifs,
respectively show only minor similarities when the full model is used. However,
the similarity is more pronounced when only the motif information is used, as is
expected. The reads contribute little by themselves, but in combination with the
motif information they help make the modes distinctly different, as evident from
the bold diagonal of the first matrix.

We also ran ExoDiversity on 19051 ChIP-nexus regions targeting Oct4. Here
also it finds several variants of Oct4, Oct4::Sox2 dimer, and Sox2 motifs with
different read footprints. Modes with the Oct4::Sox2 motifs are most highly en-
riched with Oct4 occupancy. Additionally, ExoDiversity finds motifs of Esrrb,
Klf4, CTCF, (Fig: all of which are active in the ESCs. All these modes have

relatively weak read signals, suggesting indirect binding.
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ExoDiversity output on Sox2 data
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Figure 4.4: ExoDiversity finds 12 modes in the Sox2 dataset. The DNA sequence
and the reads in the positive and negative strands in a 50 bp neighbourhood are
shown here. The central two lines in each plot mark the site of the corresponding
motif. The last column indicates which of the regions overlap with the peaks
reported in the ChIP-nexus experiment for Oct4.
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Confusion matrix over the modes
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Figure 4.5: The matrices show the probability distribution of a sequence over the 12
possible modes, averaged over sequences in each mode. The first matrix considers
the full model, while the other two use only one of the components: either only

the sequence part or only the reads part
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Figure 4.6: ExoDiversity finds 30 modes in the ChIP-nexus dataset for Oct4. Of
the many modes, it identified Oct4::Sox2 dimer motifs (modes 1-8), Oct4::Oct4
motif (mode 9), Oct4 motif (modes and 11), Sox2 motifs (modes 12, 13, 19, 20),
Klf4 (modes 14, 15), Esrrb (mode 16), CTCF (mode 17). These plots were plotted

in a 100 bp neighbourhood around the motifs, with the central two lines indicating
the motif sites.
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4.9.3 ExoDiversity models can distinguish between sets bound

by TFs with similar database motifs

We were confounded by the large number of modes captured by ExoDiversity in
the Sox2 and Oct4 datasets. Although the two datasets overlap to a great extent,
with the Oct4::Sox2 motif variant being enriched in the overlaps (Fig: [4.4)), the
individual modes are different in number and composition between the two sets.
While the modes are indeed different in the probability space, we wanted to ensure
they were not a result of over-fitting. One way to assess this is to check how general
the model is in predicting unseen bound regions. The formulation of ExoDiversity

enables us to find log likelihood ratios for a datapoint with respect to two models
(Eq: {4.18).
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Figure 4.7: Performance of ExoDiversity-based classifier and gkm-SVM on distin-
guishing between Sox2-bound and Oct4-bound regions. The programs were trained
on 80% of the dataset, with ExoDiversity being supplied the reads at those regions

as well.

We set up binary classification using Sox2 and Oct4 as our two classes of data.
Standard five-fold cross-validation was applied, where ExoDiversity was trained on
each fold of each TF separately using their respective summit regions and reads.
The held out sets for both the TFs were scored using the best models learned
by ExoDiversity for Sox2 and Oct4. We used two scoring systems: one which
used the reads (R and R™) in addition to the DNA X, and the other used only
X . Considering Sox2 as the positive and Oct4 as the negative class, we plot the
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Figure 4.8: The average areas under the ROC and PR curves for classifying Sox?2
versus Oct4 across five folds are shown. The BIC-based model performs the best
with or without reads on the test data. On the training set, gkm-SVM performs
the best.

receiver operating characteristic (ROC) curve and the precision-recall curve for
one representative fold (Fig: . In the test set, when both the reads and the
DNA information are used to score the sequences, as expected, the performance
in distinguishing the sets is higher. But, one may attribute that to the difference
in the read counts, which would naturally be high for Sox2 at the Sox2 bound
regions and vice versa. Indeed, when only the sequence component is used for
scoring, the performance goes down. In spite of this, it is still higher than the
state-of-the-art SVM-based classifier, gkm-SVM. It goes beyond single PWMs and
using gapped k-mers can distinguish between functional regulatory elements to a
remarkable degree |Ghandi et al., 2014]. This shows that, although we are finally
using only the sequence features for classification, the reads data used in training
by ExoDiversity is critical in identifying those features. To test whether the BIC
selected model is not over-fitting by identifying excessive modes, we also scored
the held out sequences with the models with fewer modes. Those models also do
better than gkm-SVM but worse than the BIC selected model Fig: (.8 We also
note that the performance of gkm-SVM on the training data is significantly higher
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than that on the test set, while the difference is lower in the models learned by
ExoDiversity (dotted curves in Fig: [4.7). This further confirms that the model is
not overfitting the training data.

4.9.4 ExoDiversity finds diverse modes in FoxA1l and CTCF

datasets
ExoDiversity on FoxA1l data

We applied ExoDiversity to the complete FoxAl dataset containing 40013 se-
quences in the MCF-7 cell line. It finds 13 modes (Fig: , out of which 11
of them are variants of the FoxA1 motif. The first two modes have ana dditional
‘C’ three (mode 1) or two (mode 2) bases upstream of the canonical motif. Of
these, the second mode has been shown to be enriched in regions bound by both
FoxAl and its paralog FoxA2 [Bochkis et al., 2012|. The position of the reads on
the positive strand also moves correspondingly upstream when compared to mode
5, which is the best match to the canonical motif (box in Fig: . Similarly,
modes 7 and 9 lack a strong ‘A’ at the start and the corresponding cut in the
positive strand reads goes a base deeper towards the motif. Notably having more
informative positions in the motif, though does result in small shifts in the read
patterns, does not necessarily correlate with more reads. This is counter-intuitive,
because one expects to see higher occupancy of the TF at motifs with more in-
formation content. We surmise that these regions may also be bound by other
proteins (example: FoxA2 in mode 2) and due to the resulting competition be-
tween FoxA1 and other TFs for the site of binding, fewer instances of FoxA1-DNA
complex are pulled down causing fewer reads at these sites. The last two modes are
a low complexity region (mode 13) and the CTCF motif (mode 12) both of which
are associated with very few reads. CTCF is known to interact with FoxA1l and

indirect binding between them has been suggested before [Yamada et all 2019].

ExoDiversity on CTCF data

CTCEF is a protein with 11 zinc fingers and while it binds to a core motif shown
in Fig: it uses its zinc fingers to bind to DNA in multiple ways. Two specific
motifs on each side of the core motif have been shown to provide additional stability
to the CTCF-DNA complex |Nakahashi et al., 2013|. In order to capture these, we
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Figure 4.9: ExoDiversity finds 13 modes in the FoxA1 dataset. The DNA sequence
and the reads in the positive and negative strands in a 500 bp neighbourhood are

shown. The central two lines in each plot mark the site corresponding to the FoxA1l
motif.

applied ExoDiversity to the CTCF set (55885 sequences) in the same MCF-7 cell

line. Since we expected to identify wider motifs containing the core CTCF motif
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Figure 4.10: ExoDiversity finds 10 modes in the CTCF dataset. The read profiles
from both the positive (red) and negative (blue) strands over a 100 bp window
about the motifs along wih the motifs learned for the 8 modes resembling the
canonical CTCF motif are shown in the left. The DNA sequence, the two sets of
reads and the sequence conservation in terms of phastCons scores in the 100 bp
neighbourhood are shown. The X-axes of the read profiles are aligned correspond-
ing to the 19 bp JASPR CTCF motif which is also indicated bu the two central
lines in the four heatmap images and the two ticks in the read profiles. The read
profiles are over a 100 bp region, while the motifs shown below them are over a 40

bp region.

along with the additional motifs, we started ExoDiversity with an initial motif
width of 40. It finds 8 modes that resembles the CTCF core motif with differing
strengths of the additional flanking motifs Fig: For example, modes 1 and
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2 both have the upstream motif, but mode 2 has a much weaker downstream
motif and the negative strand reads are also correspondingly shifted towards the
core in this mode. Similarly, the core motif misses a few downstream bases in
mode 7, but is associated with a band of reads on both strands, albeit weaker. In
contrast, although the core motif is fairly conserved in mode 3, the bands of reads
are missing. The only other difference between the two modes is the presence of
the upstream motif in mode 7. Furthermore, sequence conservation varies across
the modes: modes 1, 2, 4, 5 are significantly more conserved, while modes 3, 6-8
are less conserved (Wilcoxon p-value < 1071%), which generally correlates with the
number of reads associated with the modes. It does not necessarily correlate with

the information content of the core motif.

4.9.5 ExoDiversity results on the Twist dataset

We next applied ExoDiversity to 29353 ChIP-nexus regions from the E-box binding
TF, Twist, in early Drosophila embryos [He et al., 2015]. It finds a total of 25
modes out of which 9 of them match the E-box (Fig [4.11). The authors had shown
that while overall, three peaks of reads are visible around the E-box, the individual
peaks are specific to certain E-box core motifs: the first peak is enriched about 11
bp upstream of CAYATG and the second peak is enriched 2 bp inside CAKCTG.
That analysis was done using the top 200 most enriched regions for each E-box
variant. ExoDiversity also identifies similar correlations from the complete dataset
without any prior information about the E-box. It finds additional variations of
small shifts in the first peak, which co-occur with small differences within and
around the E-box.

Genomic regions flanking the E-box have been known to possess specific local
DNA shapes that correlate with binding [Gordan et al., 2013]. The propeller
twist of the DNA, which denotes the rotation of one base with respect to its
base-pair, has been shown to be important for other proteins recognizing E-boxes
[He et all [2015]. We therefore plotted computationally predicted propeller twist
(proT) [Chiu et al., 2015] at the DNA for each mode. Motifs at modes 1 2, 4, 6-8,
which correspond to the CAYATG E-box have a lower propeller twist than the
motifs at modes 3,5, and 9 which correspond to the CAKCTG E-box. Since these
DNA shape measures are based on the sequence, it is not surprising that the two

variants have prominently different shape profiles. However, the upstream flanks,
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Figure 4.11: ExoDiversity finds 25 modes in the Twist dataset. Modes 1-9 corre-
spond to the Twist motifs, mode 10 matches a Drosophila core promoter motif and
modes 17-20 are di/tri nucleotide repeat patterns. The DNA sequence, the two
sets of reads and the DNA shape for propeller Twist in the 50 bp neighbourhood
are shown with the central two lines marking the site corresponding to the Twist
motif. Two representative modes for the two Twist variants are shown on the right.
The mean positive and negative reads are shown in red and blue plots respectively

(left Y-axis). The mean propeller twist values are shown in grey (right Y-axis).

which do not have a strong motif signal, possess a higher propeller twist at the
CAYATG modes than the CAKCTG modes. Curiously, the signal of reads on the
positive strand aligns 7-10 bp upstream of the positions with high propeller twist
across the E-box modes. Similarly, the signal on the negative strand aligns 7-10
bp downstream of the high propeller twist regions (Fig: . A high propeller
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twist indicates DNA rigidity, which might explain the differing positions of the
read signals and their intensities at the nine modes.

The Twist modes explain less than half of the total reported regions. Exo-
Diversity finds 16 modes that do no have E-box motifs, but many of which are
well-studied fly motifs. For instance, mode 10 matches the Drosophila core pro-
moter motif 1 [Ohler et al., [2002|. Indeed, the median distance of the sequences
in that mode from the closest transcription start site is 25 bp (Wilcoxon p-value
< 107! when compared to the rest of the set). On the other hand, modes 17-20
contain specific di and tri-nucleotide patterns which are characteristic of fly en-
hancers [Brittain et all, |2014] [Yanez-Cuna et al., 2014]. Considering that these
non-Twist motifs have far fewer reads overall, they are likely indirect binding events

involving Twist.

4.10 Discussion

ExoDiversity learns a joint distribution over the DNA regions and the correspond-
ing read counts obtained in an exonuclease-based ChIP experiment to resolve
protein-DNA binding footprints. We applied ExoDiversity on a range of ChIP-
exo and ChIP-nexus datasets and observed that it detects variations within the
DNA motif which correlate with read signals in the immediate neighbourhood. We
further noticed that some of the detected modes have distinct characteristics in
terms of higher/lower sequence conservation, specific DNA shapes and proximity
to transcription start sites. We note that while we cannot definitively establish
whether the variations in all the detected modes are biologically relevant, these
modes together are needed to describe the whole dataset. The ROC curves sup-
port the fact that the models are not over-fitting. Indeed, ExoDiversity is unique
in its goal of finding an explanation for each reported region. It therefore identi-
fies potential cofactors like CTCF and Esrrb in Oct4, which have relatively poor
signals and make up only a small fraction of the total data.

In this implementation and subsequent application of ExoDiversity to datasets,
we have used non-informative priors for all parameters in the model. However,
the Bayesian formulation allows one to incorporate prior knowledge if available.
For example, one could use motif-priors corresponding to its family-motifs if the

structural family of the profiled TF is known. This might shed more light on
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potential indirect binding modes. We also note that in its objective to explain the
entire dataset ExoDiversity finds some modes which have low information content
in the DNA motif but high read signals in either or both the strands. These
motifs which are not obvious TF binding sites should be explored for possible

experimental biases, especially when they are accompanied by strong read signals.
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Figure 4.12: In Sox2 dataset, ChExMix finds 2 motifs explaining 75% of the data,
resembling the Sox2 and Oct4::Sox2 respectively, while in the Oct4 dataset, it
finds a single motif that resembles a weak Oct4::Sox2 motif with low intensity
reads explaining 76% of the data. In case of the FoxAl dataset, ChExMix finds a
single FoxA1 motif and an additional subtype characterized only by reads. In the
Twist dataset, ChExMix finds a single weak E-box motif.

ChExMix is another method that attempts to find subtypes based on motifs
and reads. However, it is different from ExoDiversity in its problem formulation.
Firstly, it is also a peak or event finder and therefore at times detects binding
events well over 500 bp away from the input peak region. Secondly, it treats
each subtype independently in such a way that it allows for multiple subtypes to
occur in a region, as well as some regions to not have any binding event. Finally,
motif discovery is conducted only in the top few regions of each subtype. Indeed,
most downstream motif based analyses focus on the top X regions, either because
of the time taken to analyze the full set or because those regions have a higher
likelihood of containing the expected motif. ChExMix uses these strong motifs

for subsequent scanning or as priors, but this causes the final motifs, those made
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by all the final predicted binding events, to be weaker (Fig: [4.12)), giving an
average description of the dataset. In contrast, since ExoDiversity maximizes a
joint distribution, its modes are not necessarily guided only by strong reads or
enriched regions. This, we believe, is critical because regions with lower read
counts are not necessarily uninformative. At times the motif slightly differs from
the canonical one, but affects exonuclease activity, or it maybe a motif of a different
protein, but captured due to its association with the target protein. We also note
that unlike ChExMix we focus on a narrow window of reads (5 bp here) in the
immediate neighbourhood of the motif. As a result, ExoDiversity’s modes are not
only characterized by exonuclease cuts differing at the level of a few nucleotides, but
also have stronger corresponding motifs when compared to ChExMix. We also ran
ExoDiversity with larger read width values (10, 50, 100) and we noticed that while
the results for read width 10 are not too different from read width 5, the motifs
get progressively weaker for larger read widths (Fig: . This is because the
read distribution start dominating over the motif information, effectively making
a larger contribution to the joint distribution in Eq: [4.1} ExoDiversity gives the
user the option of supplying a read width of their choice, and in the later version of
ExoDiversity we have modified the framework to include the procedure for learning

the read width in a manner similar to the motif width.

Avsec et al.  [Avsec et al., 2021] have built a deep learning-based approach,
BPNet, that trains on ChIP-nexus profiles and predicts profiles for unseen DNA
regions to a remarkable degree. Their primary goal is to decipher the syntax or the
architecture of TF binding sites within regulatory regions, and not specifically to
resolve the footprints. We note that ExoDiversity is currently limited to identifying
just one mode in each region. Changing the model to identify modules instead of
modes of binding, where each module is characterized by a combination of binding
modes [Biswas and Narlikar, [2021b|, will be useful in investigating the binding
activities at the regulatory regions. Further, ExoDiversity approximates the read
distributions as a product of independent Bernoulli distributions conditional on
the mode. The assumption here is that the cleaving activity of the exonuclease or
the location where the cut happens, depends only on the type of complex forming
at the DNA. This effectively results in an extension of the PWM model, which
also assumes independence between positions of the binding site. However, other

approximations as well as different distributions which overcome this assumption
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Figure 4.13: ExoDiversity was run with three different values of read widths on the

mixed dataset. The result of using w,

+/-

= 10 is not very different from using a value

of 5 (Fig: H.3). However, for values of 50 and 100, the motifs become weaker. The

average read plots are computed over a 200 bp neighbourhood around the motif: the

ticks correspond to the motif positions shown below the plot in each case.

can be explored to study different aspects of TF binding. In fact, we have taken

advantage of the structure of ExoDiversity’s framework to model the discrete read

count values as independent Poisson distributions at each position within the read

window and have built a separate framework for that. Also, a noteworthy point in

case of ExoDiversity, is that its formulation can be easily extended to other sources

of information which are of high resolution and are indicative of DNA motifs in
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the neighbourhood such as transcription start site data or sequence conservation.

We note that ExoDiversity relies heavily on the read information at the nu-
cleotide level, and thus it is not applicable to the more widely used ChIP-seq
protocol, as it reports wider read distributions. However, several modifications
have been suggested recently to the original ChIP-exo protocol which may lead to
a broader adoption of the technique as an alternative to ChIP-seq |Rossi et al.,
2018|. In such high precision experiments, ExoDiversity can be easily used to gain

more insights into the modes of binding of proteins of interest.



Chapter 5

Detecting cis-regulatory diversity in

DNA regulatory regions

With advancements in sequencing technologies, a plethora of high throughput se-
quencing experiments have been developed to explore a variety of biological ac-
tivities related to gene regulation in a genome wide manner. These biochemical
activities include transcription factor (TF)-DNA binding, enhancer activity, 3D
organization of the chromatin, open chromatin regions and many more. An impor-
tant aspect of these investigations include understanding the underlying sequence
components or motifs that are responsible for the measured activity. Typically, it is
not just a single motif, but a combination of motifs bound by cooperatively acting
proteins that determine the role of a particular genomic region. Moreover, as one
can envisage, these regions can be diverse, with their diversity being governed by
the different sets of TF binding sites present in them. Current approaches do not
take into account this combinatorial activity of the TFs in defining the function
of a region. We present here a statistical framework CISDIVERSITY which models
regions as modules characterized by combinations of motifs. The model learns the
set of motifs present in the data and their distributions over each module, while
simultaneously clustering the regions into separate modules based on the motifs
present in them.

Here we will first discuss the model for CISDIVERSITY followed by our evalua-
tion of the model using simulated datasets. Then we will look at some of the results
that we got by applying CISDIVERSITY to data obtained from multiple types of

high throughput sequencing experiments. After this, we will briefly discuss some

113
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of the advantages of CISDIVERSITY and a few additions that can be made to the
existing algorithm.

The framework for CISDIVERSITY was written and tested by Leelavati Narlikar.
This work is published in Biswas and Narlikar| [2021b] and most of the text and

images in this chapter are taken from the paper.

5.1 Introduction

Various biochemical activities occurring across the genome are mapped using high
throughput sequencing experiments. Some of them include protein-DNA binding
events( |[Johnson et al., 2007], [Vogel et al. [2007]), open chromatin regions( [Boyle
et al., 2008|, |Giresi et al., 2007]), interacting chromatin domains( [Fullwood et al.|
2009], |Lieberman-Aiden et al. |2009]), active transcription start sites ( [Shiraki
et al., 2003|) and many more. One of the major goals of these efforts is to identify
the sequence signatures that might be responsible for the specific activity which
is being measured. Although, these methods detect regions that have are involved
in a specific activity, the same sequence signatures may not be accountable for it
at all the locations. For example in an assay for transposase accessible chromatin
with sequencing (ATAC-seq) or DNase I hypersensitive sites sequencing (DNase-
seq) which identify open chromatin regions, the reason behind a region to be open
may be one of several: it can be an active promoter, or an enhancer or an insulator
or even a matrix-attachment region. Therefore, the relevant sequence components
at these different types of regions will also be different. Sometimes, this diver-
sity is less pronounced, as in the case of chromatin immunoprecipitation (ChIP)
experiments which are used to identify regions bound by a specific transcription
factor. In fact, we have seen that these experiments report a miscellaneous set
of genomic regions which might contain the direct binding site of the target TF
or might contain the binding sites of other proteins that either interact with the
target TF via an intermediate TF or might be cofactor or perhaps TFs that are in
spatial proximity to the target TF.

Identification of these sequence components is generally carried out by finding
overrepresented motifs in the data, either by sequentially scanning individual mo-
tifs from a known database or by using de novo motif finding. However, in this

way we might miss out on motifs present in a small set of regions and are thereby
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not statistically overrepresented in the entire set. Some of the recent methods have
taken this into consideration and posed this as a mixture problem, with each com-
ponent of the mixture being enriched with a potentially different motif ( [Agrawal
et al, [2018], [Eggeling et al.,[2017], [Mitra et al., 2018]). Even so, these approaches
do not take into account combinations of motifs that might be critical to drive the
biochemical activity at the region. Further, there might multiple different com-
binations of motifs in the reported regions, with each type of motif-combination
explaining a fraction of the regions.

Here we present our model CISDIVERSITY which aims to divide the dataset of
reported regions in terms of motifs and their combinations, all of which is learned
de novo. The idea is modelled based on the concept of topic modelling in computer
science, where the goal is to cluster documents (which are DNA regions here) into
different topics (which are various functions or modules) based on word frequen-
cies (that correspond to DNA motifs here). In fact, our mixture model has an
added layer of unknowns since unlike topic modelling where words are established
a priori, here we also have to learn the motifs present in the dataset along with

their distribution over different modules.

5.2 CISDIVERSITY model

Consider a set of regions reported in a high throughput experiment that share a
common property in a specific context. The regions might display the property
due to r different mechanisms, and each region contains one of these » mechanisms
encoded in their DNA sequence. A ‘mechanism’ is represented as a regulatory
module. Each of these » modules is characterized by the presence or absence of
m different motifs. Each level of the model in terms of the motifs and modules is

described below in a bottom-up manner:

1. Motif level:
Let there be m motifs present across the complete set of reported regions.
These motifs are distributed across the modules with differing probabilities.
The width of each motif is given by w;, and each motif is modelled as a prod-
uct of wy, categorical distributions over the four nucleotides ‘A’ , ¢C’, ¢G?, ‘T’
represented in the form of a position weight matrix (PWM). ¢y, is used to de-
note these PWMs, where ¢y, (B) gives the probability of finding nucleotide
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B at position u within motif k&, B € {A,C,G,T}. Given any DNA sequence
of length wy: d',d?...d"*, the likelihood of it being an instance of motif &

is ﬁl Bon(d").

2. Module level:
We assume at least » modules are present in the entire set of regions. Each
module is modelled as a product of Bernoulli distributions over the m motifs:
module j has the probability f;; of containing motif £ and a probability of

(1 — f;x) of not containing it.

3. Region level:
The set of regions reported by the experiment is considered as n DNA se-
quences which are denoted by X1, X5...X,,. Each sequence X is of length
l; with X;;, € {A,C,G,T} and 1 <t < ;. Parts of each sequence X, are
instances of a subset of m motifs and the other parts which are not motif
instances are considered as ‘background’ and modelled using a second order
Markov chain over the nucleotides whose parameters are denoted by ¢q. If
motif k is present in sequence X; then Z;; denotes the starting point of the
motif k£ in sequence X; with 1 < Z; , <l; —w; + 1 and if it is not present in
X the Z;, = —1. Motifs do not overlap each other, and each motif can be
present only once in a sequence. Each sequence X; belongs to a module I;
and the distribution of the sequences across the r modules is modelled using
a categorical distribution 4 where «; is the probability of a sequence having

a module identity j.

We are only given the set of regions X from which we first compute the back-
ground Markov model and the lengths of the sequences I. CISDIVERSITY has an
option where we can specify whether the motifs can occur on both the forward and
reverse strand, or on the strand given in data only. The default being the former,
we append the reverse complement of each sequence with itself, and their lengths
are effectively doubled. We assume that the structure of the model is known and an
upper bound to the values of r and m are given. The algorithm learns the unknown

parameters of the model, which are: 6, = {¢12_m,w,Z, f,~v,I}. Considering
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these assumptions, the likelihood of a sequence X; can be computed as:

wp—1 li

P(X; | 6,,) H I deaXizow) x I b0(Xie | Xiro1, Xiso2)
zk?ﬁ 1 =0 Z,t¢2ti§}} motif

(5.1)
Here the first term in the above equation denotes the probability associated with
all the motifs that are present in X; while the second term is formed by the
probability of those parts of the sequences that do not overlap any motif using
the background Markov model. The default order of the Markov model is 2 in
CISDIVERSITY which is built separately for each sequence to better capture the
heterogeneity present in the eukaryotic sequences [Narlikar, [2013|. However, this
is a parameter whose value can be set by the user as per convenience.

The likelihood of the entire data is thus calculated as:

P(X |6, HPX|0 (5.2)

5.2.1 Calculating the posterior probability

Given a set of sequences X, the goal is to find the optimal values of 8,, that

maximizes the posterior distribution. It can be calculated as follows:

P(8,, | X) xP(X | 6,,).P(8,,)
=P(X [ 6,).P(Z,1,7,f, ¢, w)
=P(X | 0,,).P(Z | 1,v,f,¢,w).P(I|~,f,é w).
P(v).P(f).P(¢).P(w) (5.3)
=P(X | 0,,).P(Z | I,f).P(I|~).P(v).P(f)P(¢).P(w) (5.4)

I
A~
s
e,

10 (TP 0)PU 1)

P(3).P(f).P(¢)-P(w) (5.5)
=(H (Xi | 6) (Hfms Zig # =1+ (1= fr)d Zk——l])).

(2

P(y).P(f).P(¢).P(w) (5.6)

Here, d[condition] = 1 when condition = True and 0 otherwise. The simplifi-
cation of Eqn to Equ: can be done because of the structure of the model:
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the motif start positions Z are independent of «, ¢, w when conditional on the
module identity I and its associated probabilities f; I is independent of f, ¢, w
when its categorical distribution ~ is known. The second term in Eqn: is
a product of Bernoulli probabilities, which are assumed to be independent. The
third term is the categorical probability of the module identity. The rest of terms
are independent priors over 7, f and ¢. The prior over the widths is considered

uniform.

5.2.2 Model learning

Appropriate priors over the components of 8, are defined as follows:

We assume conjugate Dirichlet priors over all categorical parameters.

e Prior over 7, which characterizes the distribution of module identity I, has
r equal hyperparameters given by amoquie Whose value is considered as 1 by
default.

e Prior over each f;, which characterizes the distribution of presence or ab-
sence of motif £ in module 7, has hyperparameters defined by aygs and ano

which have default value of 0.1 here.

e Prior over ¢y, which characterizes the distribution over the 4 nucleotides at
position u in motif k, has 4 equal hyperparameters defined by apwy for all

uw and k and are all are set to 0.1 by default.

Hyperparameters less than 1 assumes extreme final distributions, which fits in with
our expectation of having informative motifs with nucleotide probabilities close to
either 0 or 1. Likewise, we expect the modules to be distinctly defined by the
presence or absence of motifs. However, we do not know the optimal number of
modules in which our data can be divided. Thus, we take amyoque = 1 by default
which assumes all distributions are equally likely a priori. Even so, all these values
can be changed by the user.

We use Gibbs sampling to draw samples from the posterior distribution with
the aim of learning the parameter values that maximize the posterior probability.
To speed up the sampling and to reduce the search space, we use collapsed Gibbs

sampling and marginalize over f, ¢ and ~ while sampling the other unknowns.
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Objective function

After applying marginalization, our objective function reduces to

PO, | X)=P(Z,I,w| X)
xP(X | Z,1,w) x P(Z,I,w)
=P(X | Z,I,w)x P(Z|I,w)x P(I|w)x P(w)
—P(X | Z,1,w)P(Z | I)P(I)P(w) (5.7)

We iteratively sample for the entities Z; ;, I;, wy, for each ¢ and k.

Sampling of Z;

Assuming that a motif is equally likely to be present anywhere in the sequence, we
compute the score for binding of motif £ in sequence X; at position ¢ by dividing the
posterior probability by the background probability of the motif if it was present

at that position. Thus, the sampling expressions for Z, ;, can be written as:

N 1 E ggk: u(Xz t+u)
P(Zin =t | X, Z g, I, w) o frp X ~ i,
( g | o ) fI ’ ll ;!JO ¢O(Xi,t+u) | Xi,t-l-u—l)v Xi,t+u—2)
(5.8)
P(Zij=—1|X,Z i, T w) o<1 — frp (5.9)

The expression in Eqn: [5.8 gives the probability of a site of motif k present at
position t in sequence X; where 1 <t </[; —wg + 1.

Similarly, the expression in Eqn: [5.9 gives the probability that no site of motif
k is present in X;.

ng and flk are the posterior probabilities after integrating out ¢, and fy, x
from Eqn: when sampling P(Z; | X, 0., \ Zi ) assuming Dirichlet prior over
both:

apwm + Z 5[Zp,k a 1}-5[Xp,zp,k+u = B]
p=1

$k7U(B) = s n
4.0épWM + z (S[an 7é —1]
1

p=1
pFi
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and similarly:

ayps + Y 8|2y # —1].0[1, = 1]
=1

~ i
f[i,k = L "
QyEgs + ano + Z (5[[p = [1]
=1
P

The first term in Eqn: [5.8]is the contribution motif & makes to the current module
I; and the second term is similar to the standard collapsed Gibbs sampling applied
to motif discovery with the counts computed only from those X, that contain a

motif k in the current iteration.

Sampling of /;

The sampling expression for I; can be derived by collapsing v and f from Eqn:
BT

P(I;=j | X, Z Iy, w) <7 x [[01Zix # =1 Jre + 0 Zie = —10.(1 = Fin)
k=1

(5.10)
where 4 is the posterior probability after integrating out -

Qmodule + Z 5[];0 = j]
=1
. o
! T.Olmodule +n— 1

Sampling of wy

The width of the motif & is sampled in a manner similar to that in |[Mitra et al.|
2018|. Instead of sampling from all possible values of wy, at one time, the width is
allowed to either increase or decrease or remain the same on each side of the motif.

We sample the values of each of Z;;, I; and wy, iteratively by using the above
mentioned sampling expressions. The full posterior probability is computed after
each sampling step and the values of the model parameters are stored if the pos-
terior is found to be the maximum so far. If the posterior probability does not
increase for a predetermined number of iterations (500 by default) the sampling is
stopped and a Hill climbing approach is adopted. It starts from the sample with

the highest posterior probability and instead of sampling, we store the parameter
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values corresponding to the maximum score at each iteration. The final model is
cleaned up: all those motifs that have less than 20 sites in the data are emptied
out, and all the modules with less than 20 sequences are combined into one. These
lower bound values can however be changed according to user preference. By de-
fault, CISDIVERSITY starts from 10 different initializations and reports the final

model which scores the best across the 10 trials.

5.3 A sequence model for representing cis-regulatory

diversity

5.3.1 Input to CISDIVERSITY

A high-throughput sequencing experiment generally reports a set of genomic re-
gions that are enriched with a particular biochemical activity. We take the DNA
sequences corresponding to these genomic regions as our data X which is the only
input to CISDIVERSITY.

5.3.2 CISDIVERSITY model

We assume that r different regulatory modules might be present in the data that
are responsible for the activity which was profiled by the experiment, and each
module is characterized by the presence or absence of m motifs. The model de-
fines a module as a product of m Bernoulli distributions corresponding to the
contributions of each motif toward the module. Different modules will have dif-
ferent Bernoulli distributions over the same motifs, with each module describing
a different functionality. A motif is modelled with the standard position weight
matrix (PWM). In Fig: A, it shows an instance of a simulated dataset of 1000
sequences, where 5 motifs were planted from the JASPAR database |[Khan et al.|
2018|, with specific Bernoulli distributions across 3 modules. For example, motif
1 is present in all sequences of module 2 and in 1/5th of the sequences in module
1, and never in module 3. On the other hand, motif 5 is present in all seqences
of module 3, but because the module consists of only about 40 sequences, overall,
motif 5 occurs less frequently in the data. The aim of CISDIVERSITY is to learn

the m motif parameters, the » x m Bernoulli distributions and the sequences which
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belong to each of the » modules.

Gibbs sampling is used to iteratively sample each of these unknown values
with the aim of finding the set of optimal values that maximizes the posterior
distribution (Section: [5.2).

5.3.3 Output of CISDIVERSITY

CISDIVERSITY reports the output in 3 parts (Fig: B). The first is the set of
de novo motifs, ordered according to the number of sites that contribute to each
motif. The second image in the form of the circle plot gives the general structure
of the modules, denoting the contribution of each motif in every module. The
color and size of the circles correspond to the proportion of sites for each motif
in each module. The third part of the output consists of a heatmap plotting the
sequences clustered together as per the identified modules. The image shows the
sites that contribute to the PWMs in 4 colors for the nucleotides {A,C, G, T}. If
a site is absent, those nucleotides are shown in black. The modules are ordered
according to their size, with the largest one shown at the top. In the case in Fig:
.1} c1sSDIVERSITY finds all the motifs and recovers the general module structure
effectively.
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(A) Simulated data (B) Learned model

X1,Xz,...,X» DNA regions,
i.e. the only input given

CIsDIVERSITY recovers three modules and five motifs,
similar to the planted model structure

Each X; belongs to one of r modules; each module
is defined by presence/absence of m motifs
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Figure 5.1: (A) DNA regions reported by the experiment are given as input to
CISDIVERSITY. In this simulation, n = 1000 regions are a mixture of 3 types of
regions. Each region is one of r = 3 regulatory modules. Each module can be
represented in terms of probability of occurrence of m = 5 motifs. (B) CISDIVER-
SITY is run with upper bounds of » < 10 and m < 20 and it learns the planted
structure of the dataset. The output has 3 components. First is the set of motifs
that are learned, second, below is the » x m Bernoulli distributions describing the
learned modules and the third is an image matrix of the data, where each DNA
sequence is a row and the sites corresponding to each motif are represented in the
column. If a site is absent, then those cells in the column are shown in black.
CISDIVERSITY recovers the 5 motifs (motifs 1 and 3 are reverse complements of
the planted motifs) and 3 modules to a great extent. The slight variability in the
number of sites and sequences in each module is because of the stochastic nature
of both the PWMs and the learning algorithm

5.4 Evaluating CISDIVERSITY on simulated datasets

5.4.1 Creating simulated datasets

In order to test the effectiveness of CISDIVERSITY a total of 320 datasets were
generated. The JASPAR2018 CORE vertebrate motifs were utilized for this pur-
pose, regardless of their information content. However many of these motifs were

similar to each other, so a non-redundant set was created by removing motifs that
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matched any earlier ones by using the motif comparison tool TOMTOM [Gupta
et al) 2007]. This resulted in a total of 189 JASPAR motifs. Each simulated
dataset had 1000 DNA sequences of 200 bp each, randomly selected from the
non-repetitive part of the human genome. Each dataset was constructed as an
instance of the previously described model. At the motif level, m randomly se-
lected motifs from the set of non-redundant motifs were chosen. At the module
level, the Bernoulli probabilities f;; for each motif j in module £ is sampled from
Beta distributions with two symmetric or equal parameters aygs and ano. At
the sequence level, the categorical distribution 4 which gives the probability of a
sequence belonging to one of the r modules, was first sampled using the Dirichlet
distribution with an uniform parameter value of ay,0que = 1 and set for the model
instance. Now to create the dataset from sequence to motif level, we first used ~
to sample the module identity j for that sequence. Then for the m motifs, the
fj.x were used to sample whether motif & was to be included in the sequence or
not (1 <k < m). If it can be included without overlapping with any other motif,
then a motif instance was sampled using the PWM k£ and randomly planted in the
sequence on either strand with equal chance, ensuring that it does not extend into

any other planted site.

Multiple datasets were created with the following possible values for m, r and
aygs: m € {5,10},r € {1,2,3,5} and aygs € {0.01,0.1,1.0,10.0}. For each
parameter set {m,r, aygs}, we created 10 dataset instances resulting in a total of
320 different datasets on which CISDIVERSITY and other programs were evaluated.

We note that two modules can have very similar Bernoulli distributions over
the m motifs, making them less separable. However the models were not screened
for this possibility because (a) that would be rare with m > 5 and (b) this would

only mean that we are underestimating CISDIVERSITY’s performance.

We ran CISDIVERSITY with m = 20 and r = 10 for all the datasets. The other
parameters were set to default values. MEME ( [Bailey et al.,|[1994]) was run on the
datasets using the command line options: —nmotif 20 -maxsize 100000000
-revcomp -dna —evt 10. MEME was run with background Markov models
of orders 0 through 5 separately, learned on the same set of non-repetitive human
DNA sequences used to create the datasets here. Markov order of 3 gave the best
F-scores and those results are reported here. HOMER ( |Heinz et al., 2010]) was

run using the command line options: —noknown -nogo -basic. HOMER was
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also given the same background file of the non-repetitive human DNA sequences
used here. TOMTOM was used to compare the learned motifs with the planted

motifs from JASPAR and an E-value of 0.01 was considered a match.

5.4.2 Performance on simulated datasets

We can consider CISDIVERSITY as a joint clustering and de novo motif finding
method. We generated many simulated datasets with different characteristics to
thoroughly evaluate how well CISDIVERSITY can recover modules and motifs. Now,
any clustering method’s performance will depend on how easily the clusters can be
separated whilst that of a motif finding method will depend on how informative the
motifs are. The Bernoulli parameters which are the probabilities of the presence
of the motifs in each regulatory module decide the separability of the modules. An
extreme probability close to 0 or 1 for the motifs helps us to use them to precisely
delineate the modules. A value closer to 0.5 for all 7 x m Bernoulli parameters
will cause the modules to be less separable from each other. This variation is
incorporated in the simulated datasets by sampling the Bernoulli parameters from
a beta distribution with symmetric hyper-parameter 5 € {0.01,0.1,1,10}. A value
much smaller than 1 results in extreme values of the Bernoulli probabilities while a
value of 1 leads to uniform sampling between 0 and 1 for the Bernoulli parameters.
A value much greater than 1, like 10, results in probabilities closer to 0.5 for the
Bernoulli parameters and hence is used to create more "confusing" modules. In
case of the motifs, to better emulate reality, we used real motifs from the JASPAR
database.

For each combination of (m,r, ) we created 10 sets of data resulting in 320
simulated datasets and CISDIVERSITY was run on each of them. Module recovery
was measured by Adjusted Rand Index (ARI) which is commonly used to compare
the similarity of two clusterings of the same data. Two identical clusterings get
an ARI value of 1, while two random clusterings get a value of 0. As expected,
CISDIVERSITY’s ability to identify the module structure goes down as the value of
the 8 hyper-parameter increases (shown in Fig: A). Tt is reassuring to observe
that the correct npartitioning of the modules are identified although the m and r
used in model learning 2(20 and 10 respectively) are larger than the true number
of planted motifs and modules.

There are many techniques that address the problem of de novo motif discov-
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(A) ARI for different values of 8 (B) Accuracy of recovered motifs (C) Run-time (hours)
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Figure 5.2: Performance of CISDIVERSITY on 320 simulated datasets (A) Recovery
of modules: Low values of  results in modules with more extreme (close to 0
or 1) probability distribution of motifs. This is where CISDIVERSITY performs
better in recovering the planted modules. For g = 0 the performance with respect
to recovery of modules is similar to that of a random clustering approach. (B)
Recovery of motifs: Precision, recall and F-score of recovered motifs across the
320 datasets for 3 different programs. (C)Time taken: All programs were run on

a single core.

ery but none that address the issue of simultaneously finding modules, as far as
we are aware. However, we utilized default parameters to run 2 widely used algo-
rithms MEME ( |Bailey et al., |1994]) and HOMER ( [Heinz et al., 2010]) on these
datasets to assess how CISDIVERSITY compares with the state-of-the-art de novo
motif discovery methods. The recovery of a planted motif was evaluated using
TOMTOM ( [Gupta et al. 2007]) which is a part of the MEME suite. In the Fig:
B, we see that CISDIVERSITY performs better in terms of both precision and
recall. Overall, of the total 2400 planted motifs across the 320 datasets CISDI-
VERSITY missed about 12.5%, MEME missed 15.2% and HOMER missed 15.1%.
The differences in these methods were more pronounced in the specificity (True
Negatives / (True Negatives + False Positives)): both MEME and HOMER falsely
identified 23.5% and 27.8% additional incorrect motifs, compared to the 4.5% ad-
ditional motifs identified by CISDIVERSITY. We acknowledge that this comparison
is unfair because the data contain modules and no motif discovery tool takes this
into consideration. That said, CISDIVERSITY is still very competitive (Fig:
A) with similar precision and recall rates when different modules are not a com-
ponent of the data, i.e. all datasets where there is a single planted module (r = 1)
or when the modules are almost indistinguishable (5 = 10). This demonstrates

that CISDIVERSITY is capable of discovering patterns with an accuracy which is
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equivalent to the state-of-the-art techniques even when the data does not contain
distinct modules. In a similar vein, we examined the approaches’ false positive
rate in 1000 randomly selected non-repetitive sections of the human genome that
lacked any artificially added modules or motifs. CISDIVERSITY, once more identi-
fies fewer motifs than any of the two motif discovery approaches, indicating it has
a low false positive rate (Fig: B). To compare the running time of the three
programs, all of them were run in their serial mode using a single core on an Intel
Xeon CPU E5-2630 v3 machine. HOMER is by far the fastest, with there being
very less difference between MEME and cisDIVERSITY (Fig: C).

(A) Accuracy of recovered motifs whenr=1or 3> 1 (B) Number of false positives discovered
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Figure 5.3: When there is a single module (r = 1) or the modules are less separable
(6 = 10), the performance of CISDIVERSITY in terms of recovering the planted
motifs is comparable to that of MEME or HOMER.

5.5 Results

We applied CISDIVERSITY to datasets arising from a range of different types of
high-throughput assays. Starting with modules discovered in core promoters, we
then investigate ChIP-seq datasets, followed by diverse assays targeting enhancers
and accessible regions. The sources for all the real datasets and the processing
steps involved are given in details in Chapter: [6l The details of the complete

results can be found in the Supplementary section of the paper.

Results guide
Each of the results will be described in the following way:
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e In the beginning, we cite the study from which the data is taken. Here, we
also state the results of the analysis which has already been done in the study

and other information provided by the authors as available.

e This is followed by noting the motifs and modules discovered by CISDIVER-
SITY.

e Finally, we describe the modules and the motifs forming them and discuss
their biological significance. This also includes our hypotheses and reasoning
based on the results obtained by CISDIVERSITY.

5.5.1 Core promoter architectures retrieved from genome-

wide TSS maps
CISDIVERSITY results on core promoters in fly

Source To test whether CISDIVERSITY can recover known promoter architecture
and components, it was initially tested on core promoters. The input was a 200 bp
area encompassing 4159 transcription start sites (T'SSs) discovered by paired end
analysis of fly embryos |Ni et al.; 2010]. Ni et al. classified T'SSs as narrow where
reads map within a small window of 25 bases with a clear peak, broad with reads
mapping to a larger window but still having a peak, and weak which would cover
all other promoters. They analyzed each set separately for differential enrichment

of established fly promoter motifs.

CISDIVERSITY output Since TSS data is strand oriented by nature, motif find-
ing was done only on the given strand. A total of 8 modules and 24 motifs were

found.

Discussion In Fig: and B we show the 9 motifs that appear in at least
a fifth of some module. The majority of these motifs, their module combinations
and their spatial preferences in relation to the TSS have already been identified
[Ohler et al., 2002]. TATA box is present ~ 30 bases upstream, initiator (INR)
at the TSSs, and downstream promoter element (DPE) is 20 bases downstream.
Here, all regions are addressed collectively, and it is important to highlight that

the identified modules contain data on both motif enrichment and transcriptional
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Fly promoters
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Figure 5.4: Promoter modules in fly (A) CISDIVERSITY identifies 24 motifs in fly
promoters, but only 9 motifs that contribute to at least 20% of some modules
are shown here. Core motifs’ names are according to Ohler et al. (2002) [Ohler|
et al} 2002]. (B) 8 modules are learned. The fraction of sequences in each module
that are focused promoters, i.e have a narrow peak are shown in green. (C) 3
representative modules are shown as sequence heat maps. They are sorted based
on the position of the most frequently occurring motif. Module 1 contains DRE,
which is visible owing to the manner in which the sequences were ordered but,
Core 7 which is present in > 40% of the sequences is not visible because it has no
clear positional relationship with DRE or the TSS. A weak signal corresponding
to the AT-rich motif downstream from the TSS is visible. In contrast, module 3
displays a clear relationship between Core 1 and Core 6 motifs: Core 6 is present
about 20 bp upstream of Core 1 and especially prominent when Core 1 is close to
the TSS. Module 6 is largely composed of INR + DPE, but also contains TATA
box especially when INR + DPE is a few bases downstream from the TSS. (D)
Each motif has a distinct distribution about the TSS.

activity. Narrow promoters are highly enriched in modules with the TATA box,
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INR, and DPE while they are greatly depleted in modules 1, 3 and 5 (p < 10719).
Motif 5 has a weak AT-rich sequence and is more prominent in these modules, but
it has not been categorized as a promoter element earlier. However, it can be seen
in the representative modules 1 and 3 in Fig: C, specifically downstream of
the TSSs. The INR-DPE motif dominates module 6, however it also contains a
small number of promoters with a TATA box as well. The TATA box is enriched in
promoters where the INR-DPE is shifted downstream from the TSS. The relevance
of this intriguing observation is unknown to us. Narrow promoters are neither
significantly enriched nor depleted in module 4. Additionally, it is the sole module
with a notably lower tag count, indicating that its main constituents are weak
promoters. This maybe the reason why CISDIVERSITY fails to detect any motifs

in these locations.

CISDIVERSITY results on core promoters in human

Source We next applied CISDIVERSITY to 14408 non-overlapping human core
promoters identified by pooling CAGE tags across (Firth and FANTOM consor-
tium, 2014).

CISDIVERSITY output There are 25 motifs and 13 modules detected altogether

(Fig: A)

Discussion In contrast to the fly motifs, almost all motifs show both orientations
or are palindromic. Motifs 8, 10, 13, 16 are examples of the latter. On the other
hand, motifs 1 & 4, 3 & 17, 5 & 7, 9 & 20, 11 & 12, and 15, 18 and 19 are
copies of the same motif in both orientations. Their positions with respect to the
TSS does not differ (Fig: B), suggesting these motifs function in a strand-
invariant way. Amongst these, two motifs 3 & 9 do occur more frequently than
their reverse complements 17 & 20. The only motifs seen in a single orientation
are motif 6 which is present downstream and the TATA box which is present 29-
35 bp upstream. The TATA box only appears in a single module that is rich in
narrow promoters, although motif 6 is dispersed among multiple modules. It does
not resemble the fly DPE, nor could we find evidence in literature supporting its
existence as a human promoter element. The human donor splice site consensus

sequence is the closest match, however we do not see how that may play a role
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Figure 5.5: CISDIVERSITY identifies 25 motifs in pooled human promoter data,
with motifs 21-25 contributing to one module with TSSs of 37 zinc finger genes.
All the other motifs are strand invariant, except for motif 2 (TATA) and motif 6
(unknown). (B) Each motif here too has a distinct distribution about the T'SS.

here. Similar to fly promoters, the identified modules exhibit unique properties in
terms of enrichment or depletion of narrow promoters. Here also, we observe that

modules with few binding sites have a considerably lower tag density.

5.5.2 CTCF bound regions display remarkable sequence level

diversity
ChIP-seq for CTCF in fly

Source We next used CISDIVERSITY to investigate cis-regulatory diversity in
ChIP-seq datasets. CTCF, a highly conserved TF plays a variety of crucial roles
in regulation, from binding insulators to generating chromatin loops in various
contexts |Phillips and Corces, 2009, Matthews and White, |2019]. Here, we apply
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CISDIVERSITY to determine if these roles can be captured in terms of modules
from ChIP-seq data targeting CTCF. We used data from D.melanogaster in the
white pre-pupa developmental stage |Ni et al.,[2012]|. In order to ascertain whether
the discovered modules had particular characteristics or activities, we additionally
examine the ChIP signal and the distance from the nearest T'SS at these sequences.
Ni et al. had discovered a 9 bp motif AGSKGGCGC using MEME in the set, which
resembles the canonical fly CTCF motif [Khan et al.,2018|. This motif was present

in around half of the regions.

CISDIVERSITY output CISDIVERSITY reports 17 motifs spread across 3 mod-

ules (Fig: [5.6).

Fly CTCF ChIP-seq regions in white pre-pupa stage
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Figure 5.6: (A)-(C) CISDIVERSITY identifies 17 motifs and 13 modules in the fly
CTCF data. Motif 1 shown in red box is the canonical fly CTCF motif.
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Discussion The module with the highest number of sequences is dominated by
the first motif which matches the reported CTCF motif. If we assume that CTCF
binding is strongest in this module, then as expected it also has a significantly
higher (p < 107!%) ChIP signal. Motif 1 co-occurs with motif 5 in module 4
where it contributes only marginally (27%) to the module. Motif 5 is similar to
the motif of another insulator binding protein suppressor of hairy wing, Su(Hw)
[Khan et al., 2018|. Also, this module had the greatest degree of overlap with the
ChIP-seq regions bound by Su(Hw) in the same developmental stage |Neégre et al.)
2011], suggesting that sequences in this module may be bound by Su(Hw) directly.

According to multiple studies ( [Ni et al., 2012, Smith et al., 2009]), fly pro-
moters include the highest percentage of CTCF binding areas. In fact, if we take a
look at the entire dataset, more than half of the bound areas are located within 1
kb of a TSS. However, the two modules mentioned above that include the CTCF
motif, when considered individually, actually have fewer promoters (p < 107°) for
both. Modules 5-8 on the other hand mostly overlap promoters (less than 100 bp
from the T'SS), and all but module 8 lack CTCF motifs. All of them are enriched
with motif 3 which is a promoter element, Core 3 [Ohler et al., 2002|, but have
different co-factors. As we saw in the previous section, these are in fact several
core promoter architectures. Given that the ChIP signal is also weak at these
modules, CTCF most likely makes indirect interactions in these locations. Module
2 does not have a motif and has the lowest ChIP signal score compared to the

other modules (p < 107°), indicative of poor or non-specific CTCF binding.

The motif of the zinc finger TF Pita is similar to motif 2 and motif 4 [Maksi-
menko et al., 2015]. Both these motifs appear in modules 3 and 7. This suggests
that the sequences in those modules have 2 copies of the Pita motif and thus, both
are necessary to explain the dataset. Now, the CISDIVERSITY model does not
account for the spatial distribution of the motifs. But we see that in two thirds of
the sequences the distance between the two copies of the Pita motif is less than 50

bp, suggesting cooperative binding.

In contrast to vertebrates, there is no evidence to support cohesin-CTCF me-
diated loop formations in fly |[Matthews and White, [2019|. Instead, it is believed
that looping may be mediated by interactions of CTCF with insulator binding
proteins such as Su(Hw), BEAF-32, Ibf1/2 and Trl [Cuartero et al., 2014], all of
which are recognized by CISDIVERSITY (motifs 5, 6, 9 in Fig: A). We were
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unable to identify any known TF motif in the literature that had any substantial
similarities to other identified motifs. However, we noticed that many of these
motif locations are conserved across fly species, which hints at the possibility that

they may participate in CTCF-related regulation.

Human CTCF ChIP-seq regions in H1 embryonic stem cells
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Figure 5.7: (A)-(C) ciSDIVERSITY identifies only 6 motifs and 6 modules in the
human CTCF data. Motif 1 in the red box matches the canonical vertebrate CTCF
motif. Motifs 2-5 resemble the vertebrate CTCF motif but differ at one of three
parts, denoted with dotted lines. These motifs are shown with 10 bp flanking

regions to ensure that they are genuine variants of the motif.

ChIP-seq for CTCF in human

Source We ran CISDIVERSITY on ~ 35000 ENCODE CTCF ChIP-seq regions

from human H1 embryonic stem cells (ESCs).
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CISDIVERSITY output Results obtained on human CTCF ChIP data are in
stark contrast to those on fly data. Despite the fact that there are many more

bound sequences in the human data than in fly, CISDIVERSITY only reports 6
modules and 6 motifs (Fig: [5.7] A-C).

Discussion The canonical CTCF motif is the top motif and the other 4 are vari-
ations with some of the components of the motif missing or showing nucleotide de-
pendencies. Although these nucleotide level dependencies within vertebrate CTCF
have been well documented ( [Narlikar, 2013, |Eggeling et al., |2014]), we have not
previously found variants that are missing sections of the motif. These variations
may be related to the varying utilization of CTCF zinc fingers [Phillips and Corces|
2009]. Furthermore, these 5 motifs account for about 85% of the sequences and
are almost always found in different modules. The sole motif that is not CTCF
matches to ZNF143, a transcriptional activator that binds at promoters associated
with CTCF |Heidari et al.,[2014], and in loop formations [Ye et al., 2020]. Nearly
90% of the sequences that contain ZNF143 also contain a variation of CTCF,
suggesting that contact with CTCF at these sequences is not necessarily indirect
or via ZNF143. The human CTCF motif itself is far more variable than the fly
CTCF, and it does not seem to interact with DNA as frequently in a non-specific
or indirect manner. The ChIP signal is significantly higher at the module with the
canonical motif, indicating that CTCF is less strongly occupied by the variants
in the other modules. CTCF is known to form loops and topological domains in
mammals ( [Phillips and Corces, 2009]). It is possible that the various zinc fin-
gers of CTCF interact at different chromosomal locations, causing loop formation
between them, but more research would be necessary to conclusively prove this

idea.

5.5.3 GR binds to diverse regions after activation

Source The human glucocorticoid receptor (GR, encoded by NR3C1) binds to
thousands of sites in response to exposure to the glucocorticoid (GC) hormone
cortisol. According to studies by John et al. (2011) [John et al., 2011], GR
primarily binds to DNase hypersensitive sites (DHSs) and often with other pioneer
factors ( |Biddie et al., 2011} |Grentved et al., [2013]). McDowell et al. (2018)
[McDowell et al., 2018|, have examined the binding of multiple factors including
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GR, in A549 cells, before and after the synthetic GC dexamethasone treatment
(dex).

CISDIVERSITY output The outcome of applying CISDIVERSITY to 6694 GR
bound 200 bp regions identified 1 hour after dex treatment are shown in Fig:
A. Tt finds 5 motifs and 6 modules.

Discussion The largest module contains motif 1 which is a match to the GR
motif. The other 4 motifs, which are motifs of TFs known to have a role in
recruiting GR to its binding sites (|Biddie et al. 2011, Grontved et al., 2013]),
dominate modules 2-5. At these modules, we examined the ChIP-seq signals of
the profiled TFs both before and 1 hour after dex treatment. As expected, GR
signal is non-existent before dex treatment at any module (no GR bound regions
were reported in this stage), but the GR signal increases at all modules after
treatment (Fig: B). The GR signal was found to be significantly higher at
module 1 (p < 107'%) which also contains the GR motif. ChIP-seq signal of
TFs JUNB and CEBP is found to be stronger at the modules with their cognate
sites. However, they seem to have been present in those modules even prior to
dex treatment, albeit at a reduced level. After dex treatment, their signal at all
modules, including module 1, increases. This indicates that GR may play a role
in some form of cooperative binding at all modules.

As has been observed before [John et al., |2011], all modules exhibit some
DNase hypersensitivity signal prior to the dex treatment, but the module with the
GR motif shows the greatest difference in signal before and after the treatment.
This difference is even more pronounced when we look at the binding signal for
the enhancer mark: EP300. McDowell et al. |[McDowell et al., 2018] used the GR
motif to scan the GR bound regions and noticed that regions with initial EP300
binding (before treatment) had a weaker median GR motif strength than the re-
gions which did not have initial EP300 binding. Our findings support this fact,
but they also demonstrate that not only is the GR motif absent in the regions
with initial EP300 binding, but those regions can be explained by the presence of
other specific motifs. When the EP300 ChIP-seq regions are analyzed separately,
CISDIVERSITY identifies nearly identical motifs but with different module distri-
butions. The module with the GR motif is the fourth largest (Fig: [5.9). CTCF
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ChIP-seq signal is plotted as negative control, as there is no difference in the CTCF

occupancy at these modules before and after dex treatment.

Running CISDIVERSITY on extended regions
Both the total number of motifs found and the number contributing to each
module are less than the fly CTCF data we previously looked at. We re-ran
CISDIVERSITY on a neighbourhood twice as long as before, of 400 bp size, to see
whether there is more evidence of cooperativity in a bigger window surrounding
the summit Fig: [5.10] Indeed, we get 13 motifs, which is more than twice as
many we got earlier, and 9 modules in this data identified by CISDIVERSITY.
The most prevalent motif is still the GR motif. Motfis resembling FOX, JUN,
CEBP and CREBI1 are discovered but with an additional copy of CEBP with both
copies co-occurring in the data. Together these motifs continue to explain most of
the regions. Three of the remaining 7 motifs, HNF4A, HNF1A and MAF::NFE2
resemble binding sites of TFs active in the lung. However, these being distributed
across multiple modules do not contribute in a significant manner to any specific
module. The remaining 4 motifs which are low-complexity di or trinucleotide
repeats are distributed equally throughout the 400 bp regions, unlike the other
motifs which are concentrated at the summits. These are probably the structural
characteristics of the DNA [Yéanez-Cuna et al. 2014].
When these regions were lengthened further to 1000 bp, CISDIVERSITY found
21 motifs in them. All the prior motifs are still discernible, although GR is no longer
the most prevalent motif. Instead, a number of additional FOX and JUN motifs,
lung-specific TF binding sites and several low-complexity DNA motifs are found
(Figure for this result is in the Supplementary section of the paper), indicating

that GR motifs have less of an impact on the areas away from the ChIP summit.
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(A) Human GR ChlP-seq regions 1 hr after dex treatment

Learned motifs Learned modules

- Al o <t Te}

.. motif 1 (2661) T 8 B8 B B

, ACA € E E E E

5 A = I I

' cr modi (@ - o
k motif 2 (2310) mod 2 ‘ o (2180)
Ej%AAA$—AAA$A 1363
(FOX) , motif3(1998) mod3 O ‘ (1363)

AcTeh

" (FOS::JUN) od4
- (171)
mod 5

(empty: 111)

motif 4 (557) o=

%QTfo =<

(CEBP)

0 0 ‘(511)

05
fraction of motif content

I
_ motif 5 (172)

} T AC T

(CREB1)

-

Partition of the data

n
Q
=

6694 sequences reordered

n

B) Signal within 500bp of GR peaks before and after dex treatment

JUNB

1A

CEBPB

AA A

——mod1 =——mod2 =—mod3 =—mod4 —mod>5
1 DHS EP300 CTCF
: A A
o | éés
oc
0 P SN A
Ohr 1hr Ohr 1hr Ohr 1hr

Figure 5.8: Diverse signals discovered in GR bound ChIP-seq regions. (A) cisDI-
VERSITY identifies 6 modules and 5 motifs. (B) The average DNase hypersensitive
signal and the input subtracted ChIP-seq signal in reads per million (RPM) of 5
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Human EP300 ChiP-seq regions 1 hr after dex treatment
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Figure 5.9: Results of CISDIVERSITY on EP300 ChIP-seq data in A549 cells 1 hour
after being treated with dex. These motifs were near identical to those learned on
GR ChIP-seq data in the same cell type, but the distribution of the modules is
different.
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(A) Learned modules

Human GR ChlIP-seq 400bp regions 1 hr after dex treatment
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Figure 5.10: Results of CISDIVERSITY on a larger 400 bp neighbourhood of GR-

bound summits.

The modules and the motifs are recorded based on the motifs

that are also found in the 200 bp neighbourhood (red box), those that are more

spread out along the region and have low-conplexity (green box) and those that

resemble motifs of TFs active in the lung tissue (orange box)tissue. The histogram
depicts the distribution of the binding sites of each motif along the 400 bp region.
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5.5.4 Enhancers have a different structure based on the de-

tection assay

Enhancers perform crucial roles in activating gene transcription, despite frequently
being far from the target gene. There is no consensus sequence-based rule that
can explain or describe these regions, despite the fact that several TF binding sites
are enriched at the enhancers. Over the past few years, a number of fresh high-
throughput assays have been created that profile a biochemical activity, which
either directly or indirectly, indicates the presence of enhancers. For instance,
short bidirectional and largely unstable transcripts have been shown to originate
at active enhancers |Andersson et al., 2014]. The functions of these enhancer
RNAs (eRNAs) are currently not fully known |[Danko et al., 2015], but active TF

binding at enhancers has been reported to increase corresponding eRNA levels.

CISDIVERSITY on distal eRNAs

Source We used CISDIVERSITY on 14300 distal eRNAs |Azofeifa et al [2018§]
from the K562 erythroid cell line that were detected in the GRO-cap dataset |Core
et al., [2014].

CISDIVERSITY output 9 motifs and 8 modules are discovered from this data
shown in Fig: A. There are actually 5 additional motifs that together de-
scribe the 9th module of 32 sequences. These sequences are classified as segmental
duplications by the UCSC Genome Browser |Haeussler et al., [2019]. When mod-
ule 9 was given as input to the multiple sequence alignment program CLUSTAL
[Madeira et al., 2019], it could identify clear conserved structures in the sequences.
We have not considered this module and the associated motifs in this section for

the reason of clarity.

Discussion Unlike the models obtained from ChIP-seq regions, the largest mod-
ule in this dataset which constitute more than half of the dataset, is largely devoid
of any notable motif occurrences. One dominant motif is common to all other
modules, which matches the motif of a TF active in K562 cell line. Thus, we next
assessed overlaps between modules and ChIP-seq regions of all these TFs. As ex-

pected, the corresponding TF has a significant overlap (hypergeometric p < 107%),



142

although the overall overlap is minor with the entire set, for the majority of TFs.
There is a higher degree of overlap between the active chromatin mark and the
enhancer mark EP300, but there are differences in how much overlap there is be-
tween the modules as well. The essentially empty module in the distal eRNA does
not significantly overlap with any of the external datasets. In fact, the overlaps
with EP300 and other active chromatin marks are substantially lower than would
be predicted by chance (hypergeometric p < 107*). This feature, along with the
fact that no significant sequence motif is detected in this module, suggests that
maybe these regions do not conform to the standard definition of enhancers, which

are considered as regions enriched with TF binding and active chromatin marks.
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Figure 5.11: CISDIVERSITY run on putative enhancers in K562 (A) On distant
eRNAs, overlap with ChIP-seq data is significant (hypergeometric p < 10~%; shown
in bold) in modules that contain the matching TF motif. Note that in some
cases the overlap looks large, but does not show up as significant, because the
hypergeometric test corrects for the sizes of the overlaps and the modules. (B)
Similar motifs are found in EP300 ChIP-seq data.
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Figure 5.12: CISDIVERSITY run on putative enhancers in K562 (A) In STARR-
seq peaks, YY1 is additionally discovered. CTCF and NFYA/ NFYB are not
enriched. (B) Distant enhancer like sequences and (C) proximal enhancer like

sequences deduced from chromatin signatures have fewer motif-like signatures.

CISDIVERSITY on proximal transcripts

Source Azofeifa et al. (2018) |Azofeifa et al. 2018| had eliminated the bidirec-
tional transcripts that overlapped with annotated promoters to get the distal set

of eERNAs. We applied CISDIVERSITY to these 8324 excluded proximal transcripts.

CISDIVERSITY output CISDIVERSITY retrieved a vastly different model with
10 modules and a much larger set of 25 motifs (Figure for this result can be found

in the Supplementary section in the paper).

Discussion Both sets of distal eRNAs and the proximal transcripts share sev-
eral motifs, such as those that match SP1, NFYA /B, and ZNF143. The proximal
eRNAs are however enriched with a variety of other promoter motifs including
YY1, RFX1, CREB1, NRF1 and others. There are more motifs per module com-

pared to the modules in the distal set, indicating increased cooperative binding at
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these locations, which is a characteristic of promoters [Maston et al. 2006]. The
enrichment of the active chromatin marks also vary across these modules.

Except for H3K4mel, which is more frequently associated with enhancers |Heintz-
man et al., 2009] and less frequently with promoters [Cheng et al., 2014|, these
areas are more often accessible and have more overlaps with all active marks. This
is consistent with the dataset being divided based on overlaps with annotated pro-
moters. However, even after classifying eRNAs as proximal and distal, there are
differences between the marks even within the modules in both datasets, implying
that not all eRNAs have the same chromatin signatures. But more importantly,

these differences can be explained to some extent using the modules and motifs.

CISDIVERSITY on EP300-bound regions in K562

Source We next ran CISDIVERSITY on four other datasets, which also report
enhancer activity in K562. The first one is the EP300-bound sequences in K562

obtained from ChIP-seq experiment.

CISDIVERSITY output Here we once more obtain 9 motifs that are nearly iden-
tical to those in distal eRNAs but are present in different fractions of the sequences
(Fig: B). The bulk of the sequences in the EP300 set contain some motif,
which is in contrast to the distal eERNAs set but similar to the other TF ChIP-seq
datasets.

CISDIVERSITY on STARR-seq data in K562

Source After this, we examined the STARR-seq data. In a STARR-seq assay,
random genomic fragments are inserted in the 3" UTR of a reporter gene with a
minimal promoter and the resultant plasmids are then transfected into the target
cells, which are K562 in our case. The 3" UTR regions of the reporter gene tran-
scripts are then sequenced in order to determine the enhancer activity of these
regions. This assay, unlike other approaches, takes into account regions outside
their chromatin context, enabling it to detect regions that are inaccessible yet may
have potential for enhancer activity [Liu et al., [2017]. Here we considered the
peaks reported by the STARRPeaker method by Lee et al. (2020) |Lee et al.
2020] which produces just over 9000 sequences.
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CISDIVERSITY output 7 motifs and 7 modules are discovered by CISDIVERSITY

(Fig: A).

Discussion The eRNAs or EP300 bound regions and the STARR-seq regions
have relatively little sequence in common as shown in Fig: [5.13] but a lot of
motifs are common among the three groups. Only YY1 is discovered additionally
in the module 4 of STARR-seq regions, while NFYA / NFYB and CTCF are absent.
We examined whether the modules have accessibility profiles that were different
from those of the first two datasets, since STARR-seq assays have the ability to
consider regions outside the chromatin context. Indeed, it was observed that the
DNase hypersensitive sites (DHS) content of modules 2 (which is devoid of any
motif) and 4 (dominated by YY1) is significantly lower (p < 107°). This implies
that these modules are suppressed by endogenous chromatin in K562. On the other
hand, DHSs are significantly enriched in modules 1 (dominated by AP-1 motif)
and 6 (GATA-dominated) which are also found in the eRNA and EP300 assays.

10402 13303
3829

39 @ —

30
9084

STARR-seq
(9217)

Figure 5.13: Sequences that are common across three assays that measure enhancer
activity in K562.

CISDIVERSITY on proximal and distal enhancer like signatures

Source The final 2 datasets are from ENCODE phase I1I, where The ENCODE
Project Consortium |[Moore et al., [2020] published a registry of potential cis-
regulatory elements based on the findings of numerous high-throughput experi-

ments. They present two distinct groups that they claim contain both proximal
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(pELSs) and distal enhancer-like signatures (dELSs). A high DNase and H3K27ac
signals are required for a sequence to be included in any of these sets. While
dELSs are distant pELSs are close (within 2000 bp) of an annotated TSS. In order
to make sure that pELSs are not active promoters, they also need to have a low

relative H3K4me3 signal.

CISDIVERSITY results CISDIVERSITY finds 3 motifs and 4 modules in the pELS
regions and 6 motifs and 5 modules in the dELS regions in K562.

Discussion From the CISDIVERSITY results on these 2 datasets, we observe that
there are no shared motifs between these sets other than an SP1/SP2 motif (Fig:
B and C). CTCF is found in the dELSs while ZNF143 is present in the pELSs
which is expected as the binding sites of these TFs are enriched in regions distal and
proximal to TSSs respectively |Bailey et al., [2015 Kim et al., [2007]. In contrast
to the first 3 datasets, CISDIVERSITY finds no motifs matching SPI1, CEBP, or
NFYA/B. Also, no GATA motif is found in the pELSSs set, possibly because GATA
proteins primarily binds to distal enhancers [Romano and Miccio, 2020]. In these
enhancer-like regions from ENCODE III, fewer signatures that resemble TF motifs

have been discovered altogether.

5.5.5 Modules in open regions have differing future fates
Single cell ATAC-seq on Drosophila embryos

Source We next looked at the data from two different technologies, viz. ATAC-
seq and DNase-seq that assess the chromatin accessibility. Drosophila embryos at
3 different phases following egg laying were subjected to single cell ATAC-seq by
Cusanovich et al. [Cusanovich et al., 2018|. Here we report the CISDIVERSITY
results at the earliest time point: 2-4 hours after egg laying. We considered the
areas that were open in at least 10% of the cells assayed at that stage. This resulted
in 9963 distinct peaks.

CISDIVERSITY output CISDIVERSITY finds 28 motifs and 13 modules in the
data (Figure in the Supplementary section of the paper). For the sake of clarity,

only motifs that account for at least 25% of the sequences in a module are shown

in Fig: A.
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Discussion Without any additional information CISDIVERSITY divides the data
into modules that are significantly enriched with promoters (within 500 bp of an
annotated gene) and those that are significantly deficient (p < 10™*). The majority
of the motifs contributing to the promoter-enriched modules are recognized core
promoter motifs. In module 10, the 2 Pita motifs from the fly CTCF data (Fig:
are also recovered. Enhancers and/ or insulators are likely to be present in
the modules that are far from the T'SSs. Indeed, the enrichment of CTCF and
Su(Hw) in module 11 implies the presence of insulators in this module. Similarly,
dinucleotide repeats of GA (bound by GAGA binding factor Trl) and CA are
recognized features of fly enhancers [Yanez-Cuna et al.| 2014]. One of the promoter
modules contains tRNAs where CISDIVERSITY captures the highly conserved hair
loop structure of tRNAs as a ‘motif’ (module 12).

There is little difference in the fraction of the cells open at the regions across
the modules, with only modules 4 and 6 (distal regions with dinucleotide repeats)
being significantly more open. However, we observe several modules significantly
changing their accessibility when we contrast the fraction of cells that are open
at these areas with the fraction open 4 hours later (6-8 hours after egg laying)
shown in Fig: B. Except for the tRNAs, almost all promoter modules are
opening up. We found no evidence of a decrease in tRNA gene expression during
these developmental stages. The tRNA genes, on the other hand, are known to
have a role in chromatin remodelling and act as insulators or harbours origins
of replication in other organisms [Sreekumar et al., 2021} Su et al| 2020|. The
only other modules that are significantly closing are modules 1 and 9. Module
1 has very few predicted binding sites and no motif is present in even 10% of
the sequences. This is consistent with recent findings suggesting that 2 classes
of enhancers are active during early Drosophila embryogenesis, one of which has
significantly lower TF occupancy [Arbel et al., 2019]. However, every sequence in
module 9 contains a motif that is similar to the TF zelda (zld). zld is a pioneer TF
that is essential for the transition from maternal to zygotic state, which happens
during this stage |[Hamm and Harrison| [2018|. CISDIVERSITY results indicate that

these zld-enriched regions become less accessible in the subsequent stages.
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(A) Learned modules in open fly regions at 2—4hrs after egg laying (B) Fraction of open cells
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Figure 5.14: CISDIVERSITY run on open regions: (A) A total of 13 modules and
28 motifs were learned on the ATAC-seq regions which are open in at least 110% of
the cell 2-4 hour after egg laying. Only the 19 motifs that contribute to at least a
quarter of the sequences in some modules are shown here for clarity. Modules are
reordered: the red and green modules are significantly enriched (hypergeometric
p < 1071) with promoters and depleted of them, respectively. (B) Gray indicates
that there are only a few differences in the fraction of cells that are open within
each module. Orange indicates modules 2, 3, 7, 8, 4 and 6 are significantly more
open in the cells 6-8 hours after egg laying, whereas modules 12, 1 and 9 are closing

at that time point.

DNase-seq on H1 ESCs

Source CISDIVERSITY was next run on 47279 DNase hypersensitive regions of
H1 ESCs with the entire results in the Supplementary section of the paper, and a
subset shown in Fig: A.

CISDIVERSITY output The original options of » = 15 resulted in 15 modules,
so we re-ran CISDIVERSITY with » = 20 reporting a total of 18 modules and 21

motifs.
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(A) Learned modules in open human regions in H1ES cells (B) DNAse accessibility
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Figure 5.15: CISDIVERSITY run on open regions: (A) A total of 18 modules and
21 motifs were learned on the DNase-seq regions in H1 ESCs. Again, only the
motifs appearing in a quarter of the sequences in some modules are shown here.
The red and green modules are significantly enriched (hypergeometric p < 107%)
with promoters and depleted of them, respectively. (B) Gray indicates promoter
modules have a higher DNase signal in general, but there are variations among
them. Blue indicates the fraction of each module (and total below) that is also
open in trophoblast, mesenchymal and neuronal stem cells (all derived from H1

ESCs) and GM12878 and shows considerable variation in modules and cell types.

Discussion The modules are either considerably enriched with promoters or de-
void of them, just like in fly data. Despite the fact that all promoter modules
have strong DNase accessibility, there are nevertheless noticeable differences among
them. For instance, module 6 exhibits a significantly greater (p < 107°) DNase
hypersensitivity signal than module 3, despite the fact that both modules 3 and 6
are enriched with promoters and with the SP1/ SP2 motif and further with module
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6 also containing an NFYA/NFYB motif. Module 16 also contain SP1/SP2 and
NFYA/NFYB, but comprises primarily of core promoters of a KRAB family of
zinc fingers. This similarity is captured as a distinct long motif, essentially creat-
ing a module distinct from module 6. Modules that are depleted of promoters are
characterized with motifs of SOX2, POUbSF1::SOX2, which are both TFs specific
to H1 ESCs, as well as motifs of other pioneer factors AP1, REST and CTCF.

We examined the DNase accessibility at these locations in trophoblast, mes-
enchymal and neuronal stem cells produced from H1 ESCs that are available in
ENCODE (Fig: B). Despite the fact that these stem cells’ overall DHS
overlap fractions are comparable (0.76 for trophoblast, 0.71 for mesenchymal and
neuronal), the overlap-fraction within modules varies from 0.42 to 1. Indeed, over
90% of the sequences in modules 8, 12, 14, 16 and 17 are accessible in these 2 stem
cells. On the contrary, modules dominated by motifs of pioneering ES TFs(SOX2,
POUSF1, KLF4) are less accessible, as would be expected. Module 11 containing
the REST motif, has a high accessibility in all the stem cells. The canonical CTCF
motif (module 2) is significantly more often accessible than the variant CTCF motif
(module 4) in all other cells, although in H1 ESCs the variant has a higher acces-
sibility signal (p < 107°). DHSs in the lymphoblastoid GM12878 cell line (derived
from blood) are used as control. Although the overall overlap is lower across all
modules, we still observe the same pattern of greater overlaps near promoters and

smaller overlaps at distal modules.

5.5.6 Tissue specific modules discovered in open regions

Source We also analyzed the ATAC-seq data from 20 different mouse tissues
[Liu et al) 2019]. In each tissue, the authors report regions with normalized read
counts. In order to account for the fact that these regions were combined across
experiments, we picked a longer 400 bp region around the center and considered
all those regions with at least 10 normalized reads. Nonetheless, CISDIVERSITY
was applied to each tissue independently. The authors compute an entropy value
for each region based on the read counts obtained in each tissue. A lower entropy
value indicates that the regulatory region is open in a tissue-specific manner, while

a higher value suggests that the region is open in the majority of the tissues.
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Figure 5.16: CISDIVERSITY run on accessible regions in mouse tissue: 13 modules
are learned from the ATAC-seq regions from the brown fat tissue. They are sorted
according to median entropy (most brown-fat specific on top). The 15 discovered
motifs can be split into 2 sets: those that are enriched in tissue specific regions (with
median entropy value < 4.0) and those that are constitutively active. Boxplots
on the right indicate the relationship between tissue specificity, accessibility and
proximity to TSS

CISDIVERSITY output Although CISDIVERSITY was run separately for datasets
corresponding to each of the tissue types, here we will discuss output of CIsDI-
VERSITY on the brown fat tissue. It discovers 13 modules and 15 motifs in brown
fat tissue 22804 regions.

Discussion Fig: [5.16/shows the motifs and modules obtained in the brown fat
tissue according to the median entropy value. The first 6 modules have a median
entropy lower than 4.0 meaning that they are specifically reported in the brown
fat tissue. These modules contain motifs that correspond to TFs known to be

expressed in the fat tissue [Pradhan et al. 2017, Lee et al. [2019]. The fact
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that these modules are tissue-specific and are less accessible than other modules is
further supported by the low average read counts associated with them. They are
also more likely to be distal components. In contrast, the modules distinguished
by the constitutively active TFs, such as ZFP263, SP1 etc. are promoter-proximal

and have a greater entropy and are more open than the other modules.

Modules in ATAC-seq data from 20 different murine tissues
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Figure 5.17: Left panel: shows modules with the lowest median entropy for each
tissue. Many tissues have multiple modules with median values lower than 4.0: all
such modules are shown. Motifs that are present in at least 10% of the sequences in
any module are shown. Right panel: shows the top 2 modules based on highest
median RPM (reads per million) values per tissue. Median entropy, RPM, and
distance to closest T'SS are displayed on the right for each module. TOMTOM
matches were used to assign putative TF identities to motifs and combined across
the CISDIVERSITY individual runs.

A similar trend is observed in the other 19 tissues shown in Fig: [5.171 Modules
with significantly lower entropy value, i.e. those that are specifically reported in
respective tissues, are characterized by motifs of corresponding tissue-specific TFs

and also generally have reduced accessibility. They are also likely to be far from any
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TSS. In contrast, modules having the highest accessibility are found to be proximal
to promoters and are accessible across tissues. With a few notable exceptions, these
modules are largely characterized by motifs of TFs that are constitutively active
[Baldarelli et al., [2021]. As expected, these modules share a common set of TFs.
We also note that MYF6 and HNF4a are present in certain modules in liver and
GABPA in the lung. These are TFs known to be overexpressed in the respective
tissues [Baldarelli et al., 2021]. We emphasize that CISDIVERSITY only detects
the sequence signatures present in each module and not the identities of the TFs.
Therefore, the matches to the TF motifs identified by TOMTOM form the basis
of these results.

We note that ATAC-seq data is not typically examined in this way. Motif
discovery is often targeted in regions pre-identified to have high tissue-specificity
or be distal to any TSS, especially when multiple tissues are being analyzed, as
in this case. Indeed, Liu et al. (2019) [Liu et al., 2019] use HOMER to find
motifs in accessible areas relevant to different tissues. Despite not being given
any knowledge about tissue-specificity CISDIVERSITY discovers these motifs and
automatically partitions the data based on the sequence level information already

available in the dataset.

5.6 Discussion

It is widely known that combinatorial binding of TF splay a crucial role in gene reg-
ulation [Reiter et al., 2017 and that the majority of high throughput experiments
report regions with a variety of properties. There have been several attempts to
find regulatory modules in high throughput sequencing data. CisModule [Zhou
and Wong, 2004] was one of the earliest motif-module identification method. Its
objective was to discover where a module was located in each sequence along with
the motifs. The module however was of a singular kind. Genomic regions based on
multiple ChIP-seq datasets were clustered using self-organizing maps [Xie et al.|
2013, non-negative matrix factorization |Giannopoulou and Elemento, 2013, as
well as topic models |Guo and Gifford, 2017|, with the aim of discovering dif-
ferent modules. These methods have been utilized to predict TF co-localization
and complexes developing along the chromatin. However, they specifically require

regulatory information in the form of additional high throughput experiments for
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each region, which serve as the features in clustering. CISDIVERSITY is the first
attempt to cluster regions based on motifs which are themselves learned during the
process of clustering necessitating neither more experimental data nor any prior
TF-binding knowledge. The detected modules indeed correlate with experimental
binding data of TFs with matching motifs, demonstrating the fact that these re-
gions contain the requisite sequence information that can characterize functional
modules. On simulated datasets, CISDIVERSITY perform better as a motif dis-
covery method when compared to the standard approaches, especially in terms of
precision or false positive prediction. This might be because of the model-based
approach of CISDIVERSITY, where it aims to learn a model that explains the entire
set of sequences and not learn motifs that individually explain a fraction of the

sequemnces.

Regulatory modules are often studied in accessible areas or potential enhancers,
assuming cooperativity between TFs in these regions. However, even with ChIP-
seq datasets which document the binding sites of target TF, CISDIVERSITY could
provide us with novel insights. For example, consider the extensively studied CTCF
protein. In the original study, while many sequences did not have a strong match
to the CTCF motif in the fly data, all subsequent locations and evolution analy-
ses were nevertheless done considering all ChIP regions equally. However, in the
CISDIVERSITY results, it clearly came up that some sequences are core promot-
ers with no CTCF motif while some other sequences are enriched with different
insulator-binding TF motifs. The evolutionary profile of the motifs is also diverse
in the dataset. On the other hand, we observed that the human CTCF TF exhibits
a different behavior and ZNF143 is the sole non-CTCF motif that was discovered
in the data. Instead, a number of distinct CTCF motif variations are enriched
in various modules, suggesting a possibility of differential usage of its zinc fingers
while interacting with the DNA.

Putative enhancers have been discovered using different types of high through-
put assays in the same cell type or context. These datasets generated by these
experiments vary in cardinality, length distribution and evolutionary characteris-
tics |Benton et al., 2019]. CISDIVERSITY illustrates these variations in different
datasets in terms of motifs and modules discovered in them. For at least the cell
type investigated here, CISDIVERSITY found no common motif across all the en-

hancer detection strategies. It is important to remember that each dataset utilized
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in this study is derived from an experiment that assesses a unique biochemical
activity or a combination of activities. CISDIVERSITY can be used to further iron
out the differences between the sequences reported by these methods in terms of

motifs and their combinations.

The advantage of CISDIVERSITY is that it can be applied to any collection of
DNA sequences because it does not depend on any well known PWM or modules.
The sole presumption it makes is that the sequences are from a single cellular con-
text, implying that (i) a finite set of TFs is active during the experiment and (ii)
binding sites for those TFs are the underlying cause for the regions to be reported.
It is not necessary to provide it with a targeted set, such as distant regions or
already-processed tissue-specific regions. Instead, it acknowledges that the data
may be heterogeneous even when it comes from a single high throughput exper-
iment. CISDIVERSITY uses the underlying motif information and automatically
clusters accessible regions into promoter specific modules and TSS-distal regions
into other distinct modules. It also captures a significant amount of sequence-level
variability as well as tissue-specificity even within promoters and putative insula-
tors/ enhancers. Although the modules in Fig: A are rearranged according
to their propensity to contain more or fewer promoters, no module is entirely made
up of promoters or devoid of them. A promoter-enriched module’s distal sequences

should be further investigated for potential promoter activity and vice versa.

CISDIVERSITY does not explicitly model distance between or multiplicity of
motifs. These features can be studied from the learned parameters. For instance,
by learning multiple copies of the same motif, CISDIVERSITY can detect homotypic
binding if it occurs in a significant fraction of sequences. In Figs: A, and
A, we obtain 2 copies of the Pita motif in the fly data and multiple copies of CEBP

motifs in mammals Fig: [5.14] and [5.10] The distance between the motifs as well

as the relative orientation can also be measured from the CISDIVERSITY results.
In case of the ChIP-seq investigations, the distance of each motif from the summit
can provide information about the likelihood of direct binding of the profiled TF
[Bailey and Machanick, [2012]. We can even use CISDIVERSITY to look for motifs
only on the given strand, especially when dealing with datasets like 5" CAGE TSSs

or UTRs which contain inherent directionality.

All the results reported here regard the highest scoring model as the best model,
thereby treating this as a hard clustering strategy. We note that CISDIVERSITY
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learns a probability distribution over the modules for each sequence and multiple
module usage can also be explored [Guo and Gifford, 2017|. For a learned model,
CISDIVERSITY does not yet report a significance value or a false discovery rate. It
does however provide the posterior probability associated with the learned model.
In datasets with random regions and no planted modules or motifs, these values
are significantly lower (Fig: . Such distributions can be learned to report an
associated empirical ‘p-value’. Run-time wise, CISDIVERSITY is similar to MEME;,
but significantly slower than HOMER. The model can theoretically be initialized
with at least some user-defined motifs, which might hasten the model discovery

process.

Distribution of scores of learned models

n B Human DNA with no module/motifs (100 datasets)
B Human DNA with planted modules as per main text (320 datasets)

0.0030
1

0.0020
|

Density
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[ T T 1
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Figure 5.18: Distribution of posterior scores of models learned on the simulated
datasets are shown in black (100 datasets containing non-repetitive human genomic
regions with no planted motifs) and red (320 datasets with planted motifs and

modules as per the Methods section)

In comparison to fly regions, modules in mammalian regions are characterized
by far fewer TF binding sites across the datastes examined here. Cooperativity be-
tween TFs can arise from multiple mechanisms. The most straightforward scenario

is when DNA mediates it by harboring the appropriate TF binding sites within
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a brief linear area. This most likely explains the cases where different modules
are defined by more than one motif. However, there is growing evidence that the
interplay between the 3D genome architecture and the TF activity have an impact
on TF cooperativity particularly in higher eukaryotes [Ma et al. [2018|. TF-driven
loops and condensates are some mechanisms of cooperativity, which do not require
the presence of multiple binding sites in a linear genomic neighbourhood [Kim and
Shendure), 2019|. Additionally, it has been proposed that the presence of clusters
of low-affinity binding sites, which may not be captured by CISDIVERSITY’s motif
models, affects TF cooperativity [Malin et al., 2015|. It is currently unknown the
extent to which these pathways influence gene expression. More experiments and
analyses might be helpful in determining whether the sparse modules identified by
CISDIVERSITY are indicative of these mechanisms.



158



Chapter 6

Software and datasets

Each of the statistical frameworks we discussed in the previous chapters have been
developed from scratch using C, Python and in some of the cases R programming
language. In this chapter, we will go over the software packages for each of the
methods and the links to the GitHub repositories for them. We will then list
out all the biological datasets that were used to obtain the results that have been

discussed in this thesis previously.

6.1 Software for each of the methods

6.1.1 DIVERSITY

DIVERSITY is a mixture model-based Bayesian framework which is implemented
as an unsupervised learning algorithm using Gibbs sampling to cluster a set of DNA
regions obtained from a ChIP-based experiment. The goal is to identify different
modes of protein-DNA binding based on the presence of a sequence component
called motif. This motif is either the direct binding site of the target protein or a
contact through intermediaries.

The main sampling algorithm of DIVERSITY is written in C. A Python wrap-
per is used on top of that to control multiprocessing, providing a parallel imple-
mentation of DIVERSITY. It learns models from different initializations and by
varying the number of modes m in parallel. Finally, when all the models are
learned, using Bayesian model selection the best model is identified.

DIVERSITY is available as web server http://diversity.ncl.res.in/ (Fig:

159


http://diversity.ncl.res.in/

160

as well as a standalone software which can be downloaded from https://github.com/

NarlikarLab/DIVERSITY.

The web-based version has the provision where a user can upload a FASTA
file (which should be < 2MB) containing the DNA sequences or a BED file with
chromosomal coordinates corresponding to the peak regions of a ChIP experiment.
However, in case of a BED file, the reference genome has to be selected from a
dropdown menu. The results of running DIVERSITY on a BED file also produces
3 additional images: aligned motifs based on their midpoint per sequence, phast-
Cons scores at the sequences, and boxplots of distances between the modes and
the closest transcription start site. DIVERSITY returns information about all the
learned models in an HTML file which contains links to a table listing the mode
identification of each sequence (I;), position of the motif (Z;) in each sequence as
well as a text file listing all the model parameters (¢) as well as the sequence logos.
It also produces a file bestModel.html (Fig: which contains the motifs on
the forward and reverse strands corresponding to the best model. DIVERSITY
can be run with several additional options such as changing the range of the motif
width, number of modes, restricting the motif detection to the given strand and

more.

The standalone version can be downloaded and installed in any Linux or Mac
OS X machine. Once it is installed, it can be run using the command diversity.
DIVERSITY returns the details of all models learned in an HTML file a11_model.html
where all models can be viewed at a glance. It contains the link to the best model
with the optimal number of modes. The data of all the models learned are stored in
separate directories of the form modelWith_m_modes with m denoting the number
of modes in the model. Within each of these directories, DIVERSITY saves the
results of all the trials corresponding to different Gibbs sampling runs with distinct
initializations for the given mode. The model with the best posterior score out of

the trial runs is considered as representative model for that mode.

The pre-requisite python packages for installation, instructions to download and
install DIVERSITY, the optional parameters and example usage can be found at
DIVERSITY documentation.
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DIVERSITY uses a Bayesian approach to

D IVE RS I I i detect multiple modes of protein-DNA
binding from high throughput ChIP data. It
is available both as a web based application
and as a downloadable software.

*» Home » Downloads * Documentation * Help

DIVERSITY

Select the format of the INPUT file ELERZelinkH

(Please refer to the help section for a sample input file)

Execution parameters

Input file (FASTA)* | Browse... | Mo file selected.

Minimum number of modes |3 ° ]

Maximum number of modes |10 2|

Mask repeats in sequences ® Yes O No

Include reverse strand in training ®@Yes ONo

Initial width of the motifs 12 C

Minimum width of the motifs [6 ¢

» User Information

> Advanced options

| Reset | | Submit |

Figure 6.1: DIVERSITY server

6.1.2 Input and output of DIVERSITY
Input

DIVERSITY takes input as a fasta file corresponding to the ChIP-bound regions.

The webserver allows the input to be in fasta as well as in bed format, but the
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Model with 7 modes

For details about the 0 ining the di motifs please refer to info.txt.
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Figure 6.2: DIVERSITY bestModel.html file

total number of regions that can be given is limited to 5000 sequences. In case
a larger number of sequences need to be examined, or simply if preferred, one
can download the source code for DIVERSITY and compile it on a Linux or a

Mac machine and run it on their own data sets. The default parameter values for

DIVERSITY are as follows:

o -f filename
This is a compulsory parameter. File in fasta format in which motifs have
to be identified.

e -0 directory
Valid directory name. If it exists then a new one is created with the given
name along with extension number. Default output directory is: diversityOut

in the current working directory.
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-maskReps 0 or 1
Mask repeats by replacing them with 'N’. 0 implies do not mask. Default
value: 1

-r0orl
Look for motifs in the reverse strand as well. 1 implies looking for motifs in
both strands. Default value: 1

-zoops {(any real number € [0, 1])

0 insists on all sequences to have a motif (OOPS model) and is the default
value.

1 is to let the sequence length decide the prior on presence of motifs.
Values strictly between 0 and 1 is the probability of a sequence not having a

motif.

-minWidth (non negative integer)

Minimum width of motifs while training models. Default value: 6

-maxWidth (non negative integer)
Maximum width of the motifs while training models. If this value is greater
than the length of the sequence then maximum motif width is limited to the

length of the sequence. Default value: no maximum width

-initialWidth (non negative integer)
Starting width of the motifs while training models. minWidth becomes ini-
tialWidth if minWidth value is greater than that of initialWidth. Default

value: 12

-minMode (non negative integer)

Minumum number of modes possible for the given dataset. Default value: 3

-maxMode (non negative integer)

Maximum number of modes possible for the given dataset. Default value: 10

-lcount (non negative integer)
Number of models to be learned during training for each value of m in range

[minMode, maxMode|. Only the best model is considered. Default value: 5
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e -proc (non negative integer)
Maximum number of processors to be used for computation. Default value:

Number of processors that the system has.

These parameter values can be changed and DIVERSITY can be run for a wider
range of modes or with a broader initial width of the motif as required.

The default values of the prior hyperparameters are as follows:

e The parameters in the Dirichlet prior ay,.q40 for the modes have the non-

informative value of 1.

e The parameters of the Dirichlet prior a,.tir for the motifs have the sparsity

promoting value of 0.5.

Output

DIVERSITY returns the details of all the models learned in an HTML file in
which for each model it links to a table containing the identity of the mode in each
sequence I; and the position of the motif Z; as well as a text file with all the mode
parameters ¢ and corresponding sequence logos. It also calculates and reports the

best model amongst the models learned.

6.1.3 ExoDiversity

ExoDiversity implements a mixture model using a Bayesian approach with Gibbs
Sampling to identify diverse mechanisms of binding of a target TF from data taken
from ChIP-exo like experiments. It learns a joint distribution using heterogeneous
datasets, viz. sequence data along with read counts data, corresponding to the
peak regions identified by the ChIP-exo experiment. While learning the model
parameters it partitions the data into disjoint subsets where each partition is char-
acterized by a sequence motif along with the read distributions around it on both
the forward and the reverse strands. These binding modes can be the binding
sites of TFs different from the target TF (in case of indirect binding) or they may
involve small variations of the canonical binding site corresponding to a different
TF-DNA structural configurations at those sites.

The entire algorithm of ExoDiversity is written in python and C while the
heatmap plots in the end are plotted using R. The processing of the input files is
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done in python after which with the help of python multiprocessing package the
parallel runs for the Gibbs sampler are set up from multiple initial states of the
model and for multiple values of m which denotes the number of modes the data
is partitioned into. The Gibbs sampler is written using C and on completion it
returns the parameters of the learned model. When all the models are created a
python script writes the output to various files, the best model is selected using
Bayesian Information Criterion (BIC) and a link file is created indicating the best
model.

The code for ExoDiversity is available on
https://github.com/NarlikarLab /exoDIVERSITY. It can be downloaded and
installed on any Linux machine and can be run by using the command
exoDiversity. For certain arguments ExoDiversity needs some additional
tools to be installed in the system: bedtools to process the ChIP-exo read files
and the UCSC tool twoBitToFa along with the necessary genome file in .2bit
format to plot the heatmap of the aligned sequence motifs. However, if the read
counts corresponding to the peak regions are available, then we do not require
the presence of bedtools. Also, the plotting of the heatmap is optional, and
thus it is not compulsory to have UCSC tool and the genome file available to
run ExoDiversity. The pre-requisites, instructions to download and install the
software, the possible values for the optional parameters, description of the output

files and some examples are given in the README file in the GitHub repository.

6.1.4 CISDIVERSITY

CISDIVERSITY is a module discovery tool used for finding diverse sequence ar-
chitecture based on only the information contained in the DNA sequences. It
identifies the underlying sequence motifs and based on their different distributions
in the sequences it partitions the data into multiple modules. Each of these mod-
ules represents a functionality that is defined by the presence of certain motifs in
the sequence with a definite probability. CISDIVERSITY is a model-based frame-
work whose parameter values describe the structure of the data. They are learned
by using Gibbs sampling where each of them is sampled systematically and the
maximum a posterior estimate for the model is calculated. The model with the
highest posterior score is considered as the best one.

The entire algorithm for CISDIVERSITY is primarily written in C. It uses mul-
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tithreading to run the sampler in parallel from different initial states. The parallel
processing is implemented using OpenMP of gce and by default it deploys the algo-
rithm over 2 processor cores, although this value can be changed by the user as per
convenience. The final results include the sequence logos of all the identified motifs
which are plotted using seqlogo package in python along with a heatmap of the
complete partitioning and a circle plot that captures the module architectures in
the data. The last 2 images are plotted using R with the required R package already
being provided with the CISDIVERSITY installation. CISDIVERSITY code is avail-
able at the GitHub repository: https://github.com/NarlikarLab/cisDIVERSITY.
It can be downloaded and installed in any Linux or Mac machine and after installa-
tion one simply needs to execute the following command to learn multiple modules
present in the data: (path to CISDIVERSITY)/learnDiverseModules [options|. The
system requirements, instructions to download and install, and a detailed list of
the possible values of the optional parameters are given in the README file in
the GitHub repository. It also has some examples along with descriptions of the
content of the output files generated by CISDIVERSITY.

6.2 Biological data sets

6.2.1 DIVERSITY

The datasets used to get the reults of DIVERSITY are all publicly available.

Their GEO accession numbers are listed below:

e Fly CTCF ChIP and RNA-seq data (GSE24449) is from Ni et al. [Ni et al.,
2012).

e Su(Hw) data (GSE23537) is from the same white pre-pupa stage [Neégre et al.|
2011).

e Pita data (GSE76997) is from 0-12h embryos [Zolotarev et al., 2016].

e Human REST ChIP data (GSE32465,GSE49570) and neuronal RNA-seq
data (GSE46562) is as processed and compiled by Rockowitz et al. [Rock-
owitz et al., [2014].
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167

e All other human TF data are narrowpeak files from ENCODE in K562
(ENCFF144DMD, ENCFF264QLP, ENCFF440KMN, ENCFF443TUR,
ENCFF503LMD, ENCFF529CTW, ENCFF484BSF, ENCFF433PKW,
ENCFF602YIK, ENCFF886EVL).

A 200 bp neighbourhood around the summit (or centers, if no summit was given)
of the reported ChIP regions is used as the set of input sequences in all the cases.
Based on repeatMasker, as per UCSC genome browser [Karolchik et al., 2014],
regions with more than 150 bp of repetitive nucleotides were disregarded. With
the exception of a greater number of sampling start points (10 as opposed to the
default 5) and models with modes between 1 and 20, DIVERSITY was run with
the default settings for the rest of the parameters. Sequence conservation was
calculated using PhastCons scores, and gene analysis was performed using the
UCSC genome browser’s refGene.txt file. When plots were created, the ChIP
signal for each region as reported by the individual studies served as the ChIP score
of the sequence. When available, JASPAR [Bryne et al., [2007] motifs were shown
for comparison. Identities of the potential TFs interacting with the motifs were
found using TOMTOM |Gupta et al., 2007]. These motifs come from well-known
databases and are occassionally created using ChIP data, but never from the sets
used in this study. The nucleosome occupancy data for GM12878 is taken from
ENCODE [Sloan et al., 2016]. Weblogo |Crooks et al. [2004] has been widely
used in plotting the PWM’s logos in DIVERSITY. The Wilcoxon test is used for
any comparisons between sets that involve a p-value. The R vioplot package was

used to create the violin plots.

6.2.2 ExoDiversity

In silico mixed data

The summits for each of the TFs, FoxAl and CTCF, were obtained by running
MultiGPS  [Mahony et al., 2014] on the BAM files containing reads from the
ChIP-exo experiments for FoxAl and CTCF in the MCF-7 cell line (GSE110502).
MultiGPS was run separately for both the TFs with the corresponding control file.
We considered regions of length 240 bp about the summits
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Full datasets

e ChIP-nexus data for the TFs Sox2 and Oct4 are taken from Avsec et al.
(2021) |Avsec et all [2021], where they had performed the experiments in
mouse ESCs. The read counts in bigWig format and the peak files which
they had obtained using the MACS2 peak finder |[Feng et al.,2012] are taken
from the GEO database (GSE137193).

e Data for the ChIP-nexus experiment for te TF Twist in Drosophila was taken
from GSE55306.

e When the individual sets of FoxAl and CTCF were analyzed by ExoDiver-
sity, along with the individual read counts from the ChIP-exo experiments,

MultiGPS peaks for those specific TFs were used as input without mixing.

For each of the datasets, 240 bp regions about the summit were taken, with
the repeats masked and only regions with at least 100 bp non-repetitive DNA
were used as input. ExoDiversity was run with its default parameters on all the
datasets except in the case of CTCF where the initial motif width was set to 40
as we intended to capture the core motif along with the additional flanking motifs
[Nakahashi et al., |2013]

Other data

Data for DNA shape is taken from GBShape website [Chiu et al., 2015]. The
UCSC genome browser was used to get the placental phastCons scores, and gene

annotations were taken from the refGene file [Karolchik et al., 2014].

6.2.3 CISDIVERSITY

All the datasets used in the results of CISDIVERSITY were processed using the
following steps. A 200 bp (or 400 bp) neighbourhood of the summits (if they
were given or else the midpoint) of the regions were selected. In case two regions
overlapped with each other, only the one occurring first in the list was retained.
This was done to make sure the model would not identify the same location in
the genome more than once. Only those regions containing at least 100 bp non-

repetitive bases were kept and given to CISDIVERSITY for module discovery. All
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repeating bases were change to Ns and as such were skipped by CISDIVERSITY.
Here we list out all the data sets with their accession numbers in the next table
(Table: [6.1)).
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Assay

Cell type

Accession (Source)

Paired-End Analysis of
TSSs

mixed stage embryos

(fly)

Processed set (Ni et al., 2010
[N et al, 2010])

CTCF ChIP-seq

white pre-pupa (fly)

GSM602326 (GEO)

CTCF ChIP-seq

H1 ESCs (human)

ENCFF991GTC (ENCODE)

GR ChIP-seq

treated A459 (human)

ENCFF835HHK (ENCODE)

EP300 ChIP-seq

treated A459 (human)

ENCFF774PLX (ENCODE)

eRNAs from GRO-cap

K562 (human)

processed set of eERNAs
(Azofeifa et al., 2018 [Azofeifa
et al., 2018|) from SRR1552480
(SRA)

EP300 ChIP-seq

K562 (human)

ENCFF821GNB (ENCODE)

STARR-seq

K562 (human)

processed (Lee et al., 2020 |Lee i
et al., 2020]) from
ENCFFT717VIK &
ENCFF394DBM (ENCODE)

dELSs (ENCODE III)

K562 (human)

dELS from ENCFF464BRU

(ENCODE)
pELSs (ENCODE III) K562 (human) pELS from ENCFF464BRU
(ENCODE)
scATAC-seq 2-4 hr after egg laying Table S1 from Cusanovich et al.
(fly) (2018) [Cusanovich et al., 2018|
DNase-seq H1 ESCs (human) ENCFF030XPN (ENCODE) |
ATAC-seq 20 mouse tissues processed set (Liu et al., 2019

[Liu et al 2019])

Table 6.1: Datasets on which CISDIVERSITY was run in this study. Processed data

or peaks were used from the original study in each case.



Chapter 7

Conclusions and future directions

In this chapter, we will first look at some of the advantages of using mixture mod-
els to understand high throughput experimental data. We will review all three
of our methods and their contributions towards providing a comprehensive under-
standing of the TF-DNA interactions using the complete set of regions reported in
an experiment. Next, we will discuss some of the limitations of our methods and
propose some ways to ameliorate them. Lastly, we will discuss some of the other
approaches that are being adopted to uncover the underlying TF motifs and their
genomic arrangements in different cellular contexts.

With rapid advancements in sequencing technologies along with computational
approaches, we now have a huge amount of experimental data that can be investi-
gated using multiple complementary methods with the goal of understanding the
architecture of the regulatory regions. Various experimental strategies have been
developed to map different regulatory activities along the genome using a multitude
of high-throughput sequencing assays. The large volume of data being generated
from these studies have been used to build integrative approaches [Hawkins et al.|
2010] to shed more light on the regulatory mechanisms at play during some of the
critical biological processes such as development, homeostasis, response to stimuli,
etc. In an effort to understand how proteins like TFs bind to the regulatory regions
and interact amongst themselves in a spatial context, an extensive database called
TFSyntax [Zhaol 2023| was recently made available that provide a global view of
the arrangement of mammalian TF binding sites along with cooperative binding
and co-localization of TFs. Although such a database provide us with a way to

compare and explore the regulatory landscape, the question of how these TFs act
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alone or with other TFs to affect regulation related activities still remains largely
unanswered. Examining the data obtained from various high throughput exper-
iments to determine the reasons behind the reporting of all the regions followed
by analyzing them in context of chromatin structure, sequence conservation and

genomic functionality can be helpful in answering multiple questions:

e Where do the TF binding sites lie within the regulatory regions? Knowing
this will shed light on which variations/mutations are likely to cause misreg-

ulation and lead to disorders.

e In which cell types or under which conditions are these regulatory regions

and binding sites active?

e Which genes do these regions regulate, and what role do they play in regu-

lation (activating or repressing)?

Here we will go over the approach of modelling the data from the high through-
put sequencing experiments as a mixture of different events based on the sequence
composition alone or along with other nucleotide level information and how this

helps to explain the complete set of reported regions.

7.1 Mixture model-based probabilistic frameworks

High throughput sequencing experiments generally report a set of genomic regions
that share a common characteristic, which the experiment was designed to profile.
The DNA sequence data corresponding to these regions contain the footprints of
several TFs that endow these regions with a certain functionality, leading them to
be reported in the experiment. We intended to identify these TF binding sites or
motifs and decipher the reasons why each region was listed by the experiment. We
considered the standard representation of the TF motifs as PWMs, where if w is
the length of the motif, it is denoted by w independent categorical distributions
over {A,C,G,T}. Although, there are approaches like inhomogeneous parsimonious
Markov models [Eggeling et al.l 2015] that can capture the higher order intra-motif
dependencies between the positions of a TF binding site, we have assumed a simpler

representation without any positional dependency within the motifs in this thesis.
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7.1.1 DIVERSITY

Chromatin immunoprecipitation-based experiments are typically used to capture
the interactions between a protein of interest (POI) and the DNA. They provide us
with a set of genomic regions that are associated with our POI in some or the other
way: they can be binding sites of our POI, or they can be binding sites of other TFs
that interact with the POI forming protein complexes, or they can be the binding
sites of the various configurations assumed by the POI. To elucidate these multiple
modes of binding associated with our POI, our first objective was to model the
set of genomic sequences as a mixture of regions, where each region might contain
at most one binding site of a TF related to our POI. Our method DIVERSITY
used a probabilistic partitioning scheme where it clusters the sequences based on
the motif present in it. The positions of the motifs in the sequences and the
mode identity for every sequence, widths of the motifs are all learned by using the
collapsed Gibbs sampling algorithm while marginalizing over the other parameters.
The optimal number of motifs present in a given dataset is not known apriori, thus,
DIVERSITY learns multiple models by varying the number of modes in a given
range and then uses Bayesian model selection to select the best model. By default,
DIVERSITY uses the one occurrence per sequence (OOPS) scheme to look for
motifs in the data, and thus the modes discovered by DIVERSITY account for
all the sequences given in the input. The modes correspond to different features
of sequence conservation, chromatin structure, as well as the distances from the
nearest T'SSs, indicating that they may be playing functionally important roles in
the binding of the POI.

We considered the DNA sequences over a 200 bp window about the summits
reported by ChIP-seq experiments and in case of peak regions, we took a 200 bp
window about their mid-points. Broader regions have the possibility of having
more than one TF binding site, which may or may not be associated with our
POI. Thus, our assumption of having a single binding site per region will not be
suitable in that case. Also, when considering these genomic regions, we ensure that
they do not overlap with any other region in the dataset. This will prevent the
same TF motif from being counted more than once in the algorithm, and will also
not report the same chromosomal positions multiple times in the output. Parts of
the sequences that contain repetitive nucleotides and are marked as repeat regions

are masked by Ns and are not considered a part of any TF motif. Therefore, our
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algorithm detects only contiguous subsequences without any Ns as TF motifs.

Another important aspect of motifs identified by DIVERSITY is that they can
be of different widths and can even have gaps in them. This is possible because of
the sampling of the motif widths which allows DIVERSITY to explore the regions
on either sides of the motif, enabling it to capture motifs having different widths.

Now, although the premise for the mixture model framework of DIVERSITY
considered at most a single TF motif per sequence, in case of homotypic binding or
cooperative binding, there can be more than one motif present in a single region.
For example, if we look at the ChIP-seq dataset for CTCF in fly |Ni et al., 2012],
DIVERSITY detects a single occurrence of the Pita motif in every sequence of
mode 5 (Fig: [3.2). In the same dataset, CISDIVERSITY detected a module (module
3 in Fig: that contained 2 instances of the Pita motif. However, the two motifs
in these sequences were not situated at a constant distance apart from each other,
and thus even by taking a large "motif" width to encompass both the Pita motifs
DIVERSITY would not have been able to detect them in those regions.

To identify motifs present in clusters or engaged in cooperative binding activity
which are usually found in open chromatin regions, regulatory regions, we needed
to consider each region as part of a distinct module, where a module would be
represented by a probability distribution over the presence and absence of a set
of motifs. Based on the proportion of the motifs present in a module, it will
have a different functionality. To capture all these features, we developed a new
method CISDIVERSITY that can partition the data into various modules based on
the motifs present in the data while learning the motifs themselves along with their

distributions over each module.

7.1.2 ExoDiversity

Exonuclease-based ChIP experiments like ChIP-exo and ChIP-nexus provide a
highly improved near single base pair resolution of protein binding sites. This
leads to an efficient downstream analysis, where sharp and precise peaks in the
read distributions delineate the binding sites. These read distributions with their
corresponding TF motifs can be used to study the diverse mechanisms and of
binding of the TF as well as other TFs involved in cooperative binding, if any.
Our second objective involved using the read distributions together with the se-

quence motifs to identify the modes of binding of a target TF from ChIP-exo or
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ChIP-nexus data. We built upon our previous method DIVERSITY to include
the reads component and learn a joint distribution over the DNA sequences and
their nucleotide level read counts in our new method ExoDiversity. The set of
sequences was considered a mixture of binding modes of a TF where each mode is
characterized by a sequence motif along with distinct positive and negative strand
read distributions. The sequence motif is defined as a PWM, and we consider
PWNMs over 0 and 1 for the short windows corresponding to the read counts on
both the strands, presumably capturing the peaks of the read distributions about
the motifs. The read counts are binarized based on the median of the dataset and
are modelled using a Bernoulli distribution at each position within a read window.
Thus, similar to the PWM matrices for the motifs, we now have two extra ma-
trices of widths corresponding to that of the read windows on each strand. The
probability of a mode is thereby calculated a product of categorical probabilities
for the motif and Bernoulli probabilities for the two read windows. We used col-
lapsed Gibbs sampling to determine the motif start positions in every sequence,
the distance between the motif start positions and that of the read windows for
each mode, the mode identity of each sequence along with the widths of the motifs
while marginalizing over the other parameters. As the best number of modes that
the data can be divided into is not known beforehand, ExoDiversity learns differ-
ent models by varying the number of modes and then uses Bayesian Information
Criterion to select the best model. Modes discovered by ExoDiversity were found
to have distinct DNA shape features and varying conservation signals, providing

insights on the structure and function of the complexes formed because of the
TF-DNA interactions.

ExoDiversity was given 240 bp sequences about the summits obtained from the
experiments along with the file containing the reads either in BAM or bedGraph
format. The read counts for every position corresponding to the DNA sequences
for the positive and the negative strands are extracted from the reads file using
bedtools and given to the algorithm as input. We assumed that each sequence will
contain a single binding mode. This ensures that each sequence in the data will be
assigned to one of the modes detected by ExoDiversity, which can sometimes also
be a non-informative mode that might be an artifact of the experiment. ExoDi-
versity partitions the data based on the variations in the sequence motifs and the

read distributions, and can consequently identify modes with small nucleotide level



176

differences along with their corresponding differences in the read distributions.

As the exonuclease-based ChIP experiments have been shown to produce pre-
cise read counts peaks near the binding sites, we leveraged this fact and considered
a small size for the read window (default width is 5) for the results shown in this
thesis. The widths of the read windows for all the modes were kept constant for
both the strands throughout the algorithm. This feature was later modified and
sampling of the width for the reads was included. It was implemented similarly as
the sampling of the motif width, where the width is allowed to increase or decrease
or remain the same at both the left and the right side of the window. The width
sampling for the read windows was done for both the strands and for all the modes
every time the motif widths were sampled. The minimum width possible for the
read windows was kept as 0 in which case there would essentially be no contribu-
tion of the reads from that window and the maximum width was considered as
20.

In a ChIP-exo experiment, when the 5 ends of the reads are mapped to the
genome, they do not exactly coincide with the beginning of the protein binding
site. They are usually located very near to but at a fixed distance away from the
binding site [Rhee and Pugh| 2011|. To account for such a feature, we incorporated
the parameter for the offsets or the relative distances between the starting position
of the motifs and that of the read windows for every mode. The sampling for the
offset was basically finding out the best position of the read window with respect
to the motif. We assumed that although these offsets for the positive and negative
strand read windows for a particular mode might be different from each other,
they will remain the same across all the instances of TF binding in that mode.
For the positive strand in a given mode, the starting position of the read window
could be anywhere before the 3’ end of the motif, and for the negative strand it
was restricted to anywhere before the 5" end of the motif. This feature was also
modified in the later version of ExoDiversity where the read windows in both the
strands were allowed to vary along the entire length of the sequence and their

optimal position was selected using sampling.

The original ExoDiversity algorithm considered the read counts as binary values
and accordingly modelled them using independent Bernoulli distributions. Instead
of binarizing the read counts, if we consider their actual values, we see that they are

discrete count values and can be modelled using independent Poisson distributions
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for each position in the read window. Since we already had the framework of

ExoDiversity, we built an alternate Poisson-Gamma mixture model over the reads

while keeping the motif part the same as before. We plan to examine the results

in details before including this option in the ExoDiversity framework.

Proportion of CTCF

and FoxA1 sequences

Recovered sequences

Percentage of
unrecovered

sequences

0% and 100%

Best model with 3 modes:
5000 of 5000 FoxAl

0% from FoxAl

20% and 80%

Best model is with 4 modes:

947 of 1000 CTCF
3171 of 4000 FoxA1l

5.3% from CTCF
20.72% from FoxAl

50% and 50%

Best model is with 7 modes:

2171 of 2500 CTCF
2124 of 2500 FoxA1l

13.16% from CTCF
15.04% from FoxA1l

80% and 20%

Best model is with 5 modes:

3186 of 4000 CTCF
919 of 1000 FoxA1l

20.35% from CTCF
8.1% from FoxAl

100% and 0%

Best model is with 6 modes:

4435 of 5000 CTCF

11.3% from CTCF

Table 7.1: ExoDiversity was run on the in silico mixed datasets by varying the

proportion of sequences from both FoxAl and CTCF ChIP-exo data.

The in silico mixed data which we had used to evaluate the performance of

ExoDiversity contained sequences from ChIP-exo datasets for FoxAl and CTCF

in equal proportions (Fig: [£.3). To review the performance of ExoDiversity more

thoroughly, we varied the proportion of sequences for both FoxAl and CTCF

and created 5 different datasets each containing a total of 5000 sequences. We
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ran ExoDiversity on all of them and Table: shows the results. We observe
that decreasing the number of sequences for a certain TF does not increase the

proportion of unrecovered sites for that TF.

7.1.3 CISDIVERSITY

We have seen that ChIP-based high throughput experiments, like ChIP-seq, pro-
file all those regions in the genome that are associated with a target protein and
modifications to the ChIP protocol (ChIP-exo/ ChIP-nexus) helped to locate these
interactions with a higher precision. Many other gene regulation related biochem-
ical activities are also commonly measured across the genome using different high
throughput sequencing experiments. Some of the examples include detecting open
chromatin regions, active transcription start sites, enhancer regions. These types
of regions mostly harbor binding sites of multiple TFs that might be present nearby
or are a part of the protein-DNA complex forming there. Our third objective was
to study these regions in terms of the combinations of motifs present in their corre-
sponding DNA sequences. We developed our method CISDIVERSITY with the goal
of explaining the role of each of the reported regions in a given high throughput
experiment, based on the sequence signatures present in them. CISDIVERSITY
partitions the whole set of sequences into different modules, where each module
represents a functionality that is defined by which motifs are present in it and in
what proportions.

The model for CISDIVERSITY consists of three levels: the motifs present in the
dataset, the distribution of the motifs in each module, the module to which each
sequence belongs. The motifs are modelled as PWMs, with every position within
the PWM denoting an independent categorical distribution over the 4 nucleotides.
The modules are defined by the product of Bernoulli distributions over each of the
motifs present in the dataset. The module identity of a sequence is established
using the probability of the motifs it contains, taking into consideration that each
motif can only appear once in each sequence and that the occurrences of the
motifs cannot overlap. We use collapsed Gibbs sampling to identify the motif
start positions for all the motifs present in each of the sequences, the module
identity for each sequence and the width of each motif while marginalizing over
the other parameters. The number of motifs as well as the optimal number of

modules present in the data are both unknown. CISDIVERSITY assumes an upper
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bound on both these counts and in the process of learning the parameters of the
model, it detects the correct number of motifs and modules. In case this number
is less than the upper bound on them, the remaining motifs and modules generally

stay empty or contain very less number of sequences.

CISDIVERSITY was used on several datasets from different types of high
throughput experiments. We considered sequences which were, in general, 200 bp
regions about the summit, although in some of the cases we also ran CISDIVERSITY
over 400 bp or 1000 bp regions about the summit as well. As we move farther away
from the summits reported by the experiments, motifs of low complexity co-factor
proteins become more frequent and their roles in the binding mechanisms of the
target protein no longer remains clear and well-defined. Similar to previous meth-
ods, CISDIVERSITY does not provide the identity of the motifs discovered or the
functionality of the modules detected by it. We need to perform other downstream
analysis like examining the sequence conservation, distance from the closet TSS
etc. at the regions in the modules to infer their roles in the cis-regulatory activities.
Based on only the TF footprints present in the sequences, CISDIVERSITY could
identify specific modules enriched in motifs of promoter TFs and other modules
with a higher proportion of enhancer TFs. It could also capture the event where
clusters of binding sites of the same TF were present. This demonstrated that
CISDIVERSITY is able to cluster the sequences appropriately based on just their
distinct underlying sequence architecture. In cases where co-operative binding be-
tween TFs takes place in the form of looping of the chromatin, then the binding
sites of the TFs involved may not be present within a small linear neighborhood.
In these situations, CISDIVERSITY clusters the sequences into modules, where it

might be the case that only a single TF motif is enriched in each cluster.

The formulation of CISDIVERSITY is such that, given a new sequence and a
pre-trained CISDIVERSITY model, we can predict the probability of the sequence
belonging to each module in the given model as well as calculate the likelihood of
the sequence given the parameters of the model. If we have two different models
and a DNA sequence, we can subsequently calculate the likelihood of the sequence
belonging to each of the models and thereby the log odds score. This measure
can be used to classify genomic regions as likely to be generated from a certain
type of experiment based on their sequence content and the models learned by

CISDIVERSITY from the corresponding experimental datasets.
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7.2 Limitations of sampling-based methods

In this thesis, we have developed different model-based Bayesian frameworks that
models the regions reported in high throughput sequencing experiments as a mix-
ture of diverse components. These components are presumed to follow certain
distributions, and the goal is to learn the parameters of these distributions that
will best describe our data. To estimate the values of the parameters, we use the
Gibbs sampling algorithm to calculate the maximum a posteriori (MAP) estimate
and the parameter values corresponding to that are considered to be optimal to
describe the given dataset. Gibbs sampling allows us to estimate a complex joint
posterior distribution by sampling the values of each of the components from their
conditional distributions. These conditional distributions should be easily deriv-
able, from which we can draw random samples economically. Although using Gibbs
sampling allows us to deal with a variety of distributions, one major drawback is
correlation between consecutive samples leads to a slow convergence. Under such
circumstances, Gibbs sampler is often run for a long time so that the sampler can
move on from the dependent samples. Also, the sampler can get stuck at a local
maxima for a particularly unlucky initial condition, not reach close to the MAP
estimate. To avoid such a situation, the sampler is generally run from multiple
random initializations. The time for convergence of the sampler depends upon the
structure of the parameter search space. For a dataset that contains distinctly
separable modes or modules, the sampler will take lesser number of iterations to
identify them, as compared to even a smaller dataset that contains closely related
modes without any well-defined characteristics. All of these make sampling-based
algorithms more time-consuming than the enrichment-based or optimization-based

algorithms for motif discovery.

7.3 Deep learning to identify sequence signatures

With rapid advancements in the computational technologies, deep learning-based
algorithms have now become economical and efficient to implement and have
proven effective in modeling the sequence specificity of protein-DNA binding.
DeepBind developed by Alipanahi et al.  [Alipanahi et al 2015] is one such

method that employs deep convolutional neural networks to discover new patterns
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within sequences without knowing their locations in the sequences. The convolu-
tional stage scans for motif detectors that are 4 x m matrices where m is the length
of the motif, followed by the rectification stage that isolates the positions with a
good pattern match. Finally, the values are fed into a nonlinear neural network
to produce a score, which is then used in back propagation to improve the perfor-
mance of the network. DeepBind can be applied to sequencing data with a large
number of sequences and was shown to generalize well across several technologies
without further tuning for technology-specific biases. Another methodology using
deep learning and convolutional neural network is DeepLift (Deep Learning Impor-
tant FeaTures) [Shrikumar et al.,|2017] that has been applied to the motif finding
problem. It decomposes the output prediction of a neural network on a specific
input by using back propagation. DeepLift seeks to explain the difference in the
output from the reference in terms of the difference in the inputs from the refer-
ence. Interpreting the sequence level information captured in the deep learning
models require feature attribution over broad input DNA regions (500 bp to 1000
bp) and it typically does not adapt well across cell types. Nonetheless, it has been
used with a higher degree of success to detect cis-regulatory motif syntax for high
resolution TF occupancy (ChIP-nexus) data sets [Avsec et al., 2021].

Lately, unsupervised deep learning models to identify the TF binding landscape
in open chromatin regions have gained prominence and have performed comparably
well to current motif discovery methods. BindVAE, based on Dirichlet variational
autoencoder (VAE) can capture cell type specific binding preferences of different
TFs as well as cooperative binding patterns of TFs as latent variables of an autoen-
coder [Kshirsagar et al.,2022|. It considers the DNA sequences of the peak regions
as a collection of k-mers that have specific distributions over different categories.
These categories can be TF binding sites, low complexity regions, background ge-
nomic regions as well as bias signals corresponding to the DNA cleaving enzymes
and each category is represented as a multinomial distribution over the k-mers.
This method uses k-mers with wildcards with an inexact matching technique to
capture degenerate TF binding motifs. The dimension of the latent space corre-
spond to the number of topics it can learn, and the multiple dimensions are later
used to detect the variations in the binding patterns of different TFs across cell
types. Ultimately, BindVAE implements a probabilistic model that optimizes the
likelihood of the data (decoder), while the latent variable is sampled from the
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Dirichlet posterior distribution (encoder).

With increase in focus on the interpretability of the deep neural networks, to-
gether with their ability to identify complex sequence features, have made deep
learning-based methods more popular in identifying regulatory elements from high
throughput sequencing data. This opens up avenues to process experimental data
not only from ChIP-based experiments, but also from other high throughput ex-
periments that profile diverse biochemical activities along the genome. We can also
have multimodal data which can be genomic annotations along with experimental
data that can be used to provide correlations between cis-regulatory elements and

their functionalities.
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