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1.1 Synopsis:

The genome sequence for any organism encodes the information for the regulation
and maintenance of the biological machinery of the cell. The information encoded by
the genes constitute a very small fraction (2%) of the entire genome. The majority of
the genome is constituted of the non-coding regions. The regulation of the genome is
brought about by the interaction of the regulatory binding partners. The information on
the different binding targets from experimental data has a resolution of 10-100kbp.
However, the optimal consensus binding consensus size is in the resolution of few
base pairs. In this study we read the genome across the 24 different human
chromosomes at the resolution of 5-6 bps, the resolution at which the specific
recognition by the cognate protein binding partner occurs. We define these 5-6 bps
stretches as DNA motifs. In this study we observed the motif distributions at the level
of the whole genome as well as specific regions of the chromosomes. The findings
highlighted distinct pattern of motif clustering at the different regions of interest (study
was done for whole genome as well as small regions in the chromosome). We also
established that the pattern of motif abundance and the motif clusters are distinct and
non-random. On generating a random genome keeping the base composition same
as original genome, the patterns are lost. This observation was consistent when
studied at the level of the whole genome as well as smaller chromosome segments
like the centromeric regions. Our analysis of the motif abundance in the centromeric
regions could differentiate the acrocentric chromosomes from others. We employ the
methodology of the motif abundances in two broad contexts: 1) Functional regulation

of genes 2) Chromosome localisation.

For the first major goal of understanding the functional regulation of the genic regions
in the chromosomes, we studied the motif abundances across the promoter regions
(1,2 and 6kbps regions upstream of a gene transcription start site). Based on the motif
abundances, we obtained the correlation score between all the annotated gene pairs
in the human genome across all the different chromosomes. The analysis highlighted
some significant findings. It was observed that the chromosomes involved in

translocations share a higher percentage of the strongly correlated genes (Pearson’s
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correlation coefficient >=0.9). We also established that the high correlations between
the gene pairs are independent of the sequence similarity, i.e. a gene pair whose
promoter shares an average of ~40% sequence identity also shares a high correlation.
The observations for the correlations based on motif distribution in the promoter
regions differ from those of the downstream regions of genes or random regions in the
chromosomes. We validated the correlations obtained using three case studies. Three
genes ADGRL1, TRIM8 and CDK9 present in chromosomes 19, 10 and 9 respectively
that share a high correlation according to our analysis also showed regulation by
common transcription factors between them. Our statistics of the motif abundance also
highlighted the abundance of the consensus binding motifs significantly higher across
the promoter regions of all the genes. Our findings highlight that correlations can be
used to identify genes co-regulated by the common regulatory partner. For the second
validation, we looked at an example of AP1 protein which consists of the Jun/Fos
transcription factors that are reported to co-regulated multiple genes. We observed
that among the 19 reported co-regulated genes, 10 out of the 19 genes share a high
correlation between them from our analysis. The findings highlight that co regulated
genes also share high correlation based on the motif abundances. For the third case
study, we validated our gene correlations with the spatial proximity of genes using Hi-
C and pcHi-C data. We obtained regions that are spatially proximal between
chromosomes 18 and 19 which have distinct localization in the cell nucleus. We
observed that the genes that share a high correlation between chromosomes 18 and
19 are more likely to be present in the spatially proximal regions. The high correlation

between the genes is independent of the sequential proximity in the chromosomes.

We designed a web server, MAGNETIC, which has the database of all the gene pair
correlations of all the 63,494 annotated genes in the latest T2T reference assembly.
This count encompasses both protein-coding genes, pseudogenes, hypothetical
genes and functional RNA (IncRNA, miRNA etc.) genes. The web server can be used
to obtain all gene associations given a query gene and a network showing the
associations chromosome-wise. The gene associations can be obtained for motif
abundances at a resolution of 5 and 6 bases. The motif abundances can also be
obtained for different promoter sizes of 1,2 and 6 kbps upstream of the gene

transcription start site. The webserver can also be used to obtain a network of all the
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gene associations given multiple gene lists. This network can be used to find the

common connections between the genes at different cutoffs of gene pair correlations.

This organization of the genome inside the cell nucleus is a non-random event. For
our second major goal we obtained the motif abundances in the context of the spatial
localisation of the chromosomal segments and what maintains the positioning. The
spatial positioning and localisation of the chromosomes are referred to as
chromosome territories. The nuclear lamins, lining the nuclear envelope, have a large
surface area to make potential contacts with the genome. These regions of high-
frequency contacts between the chromosome and lamina are determined
experimentally and are referred to as lamina-associated domains (LADs). The LADs
constitute the chromosomal segments associated with the chromosome territories that
have a peripheral organization. The experimentally determined LADs are in the size
0.5 to 1Mbps. We extended the analysis of finding the protein binding motifs of size 5
and 6 bases in these regions. Using experimentally available data, we identified the
repetitive and conserved motifs across LADs in different chromosomes and those
conserved in evolution. We identified the likely motif candidates responsible for the
peripheral or interior tethering of the chromosomal segments in the cell nucleus. Using
the motif distributions, we predicted the LAD and interLAD(iLAD) regions from
genomic sequences by designing a Viterbi implementation of Hidden Markov Model.
The work will give an insight into the functional significance of those motifs in DNA-
protein interactions that are disrupted in laminopathies. We have also shortlisted the
likely protein binding partners that can interact with and regulate the localization of the

LADs based on the motifs obtained.

We have discussed the prospects of our method of using motif abundances to study
different genomes in distinct prospects. We have also highlighted the preliminary data
from our investigations of cross-genome correlations. The cross-genome correlations
identify common motifs that have high abundances in the promoter regions across
different genomes. This was done for 13 housekeeping genes in the human and
mouse genomes and certain trends towards motif preferences were highlighted.
Further elaborate investigations on the distribution of the motif abundances across
genes in organisms are to be carried out. We also used this method of motif

abundance to describe the evolution of 21 different strains of S. cerevisiae. These

15



results lead to further investigations on duplications of genome segments, how certain

genome segments are translocated and the functional significance of the regions.

1.2 Thesis organisation:

1.2.1 Overview: Synopsis of the thesis and thesis organisation.

1.2.2 Introduction to techniques: A brief introduction to the various definitions
and techniques used in the study. - motifs, handling experimental datasets, statistical
measures, Viterbi implementation of Hidden Markov Model, classification of

assessment measure, CLICK and JEDII.

1.2.3 Reading genomes: A detailed study of the human genome sequence at a
resolution of motifs. Established why it is important to study the genome at the
resolution of motifs. Quantified the motif abundance at the level of whole
chromosomes as well as centromeric regions across all 24 human chromosomes.

Established that the pattern of the motif distribution is non-random.

1.2.4 Promoter correlation to gene regulation: A study to establish a
method to show associations between gene pairs based on motif distributions in the
promoter regions. Obtained a correlation of all the annotated genes in the human
genome based on the motif abundance in the promoter regions of the genes. The
promoter regions were studied at different resolutions. Highlighted features of gene
promoters which share high correlations. High correlations between genes were
validated by common transcription factors shared between genes and the identification
of the consensus sequence. The regulation of multiple genes by the same transcription
factors was validated with our correlation scores. The high promoter correlations also

showed spatial proximity.

1.2.5 Motif associated gene network: Description of a web server MAGNETIC

(Motif Associated Gene NETwork In Chromosomes designed to access all the

correlations between gene pairs across all the annotated human genes. The server
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can be used to find gene associations for a single gene of interest or generate a

network in case of multiple genes.

1.2.6 Role of motif clustering in chromosome positioning: A study
highlighting the role of motif abundance in the context of chromosome positioning
inside the cell nucleus. Detailed analysis of what motifs are abundant in the LAD vs
the interLAD regions and how these motifs are evolutionarily conserved. A model was
designed to predict LAD and iLAD regions from a given genome sequence using the
Viterbi implementation of the hidden Markov model. Based on the motif information,

likely protein targets that regulate the LAD and iLAD organisation were established.

1.2.7 Conclusions and future prospects: A summary of what has been

done in the thesis and the prospects of the current study.
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Chapter 2

Introduction to techniques

o Motifs and motif vector

o Extracting genome coordinates from experimental data

o Statistical measures

o Viterbi implementation of Hidden Markov Model

« Classification of assessment measures

e CLICK

o JEDII (Juxtaposition Enabled DNA-binding Interface ldentifier)

18



2.1 Motifs and motif vector:

The genome sequence of any organism is made of long stretches of bases Adenine
(A), Thymine (T), Guanine (G) and Cytosine (C) arranged in a definite order which
when packed inside the cell nucleus encodes the biological machinery of the cell. DNA
sequence motifs are short, recurring patterns of DNA that are responsible for the
function of cellular functions®. These motifs are recognised by different proteins that
enable their functioning. Protein binding partners (transcription factors/ regulators)
bind to its cognate DNA sequences at a resolution of 5-6 bases?. We have defined
motifs as different combinations of 5-6 lettered words that can be recognized by a
protein specifically (for example by hydrogen bonding). In our study, we use the terms
k-mer, forward-reverse complement pairs and n-mers to classify different motif
representations used in our analysis. All possible combinations of motifs (4% where k
is the size of the motif) are defined as the motif vector. We have categorized the motif

representation into 3 further subsets (fiqure 2.1):

a. K-mer: The 5/6 base pair combinations representation of motifs.

b. Forward-reverse complement pair: We identify motifs as a pair considering
a double-stranded DNA. We consider the forward reverse complement of a
motif as a single representation.

c. N-mer (or variable representation): We introduce variable positions in the
motifs by replacing A/T/G/C with N. N-mer representation will be a general
representation of the different base combinations at the position replaced by N.

Motif representations
a. K-mer: TAGCG
b. Forward-reverse complement pair: TAGCG-CGCTA

c. N-mer: TACGC
TTCGC
TGCGC }'TNCGC

TCCGC

>Reference genome
ATTGCTAGCGATCGTAGCGTAGCTACTCGTAG >

ATCGTCAGTCGGGCTCGGCGATGCGTAGCGA
GGCGCTAGCGTGATCGATGCTAGCGAGTCGA

Figure 2.1: Schematic representation showing reading the genome sequence in terms of motifs
(k-mer, forward and reverse complement pair and n-mer). The three representations of motifs
used in the study are highlighted in the box on the right.
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2.2 Extracting genome coordinates from

experimental data:

We used the genome coordinates from different single-cell omics datasets to extract
the sequence information for our calculation. The different experimental datasets used
in our study are DamID data® (interaction of genome segment with Lamin B), Hi-C*
and promoter capture(pc) Hi-C data®. For the coordinates of the spatially proximal
genome segment, we used the .mcool files from Hi-C experiments. The .mcool files
store the information of the Hi-C contacts at different genome bins in a compressed
matrix format. The x-axis of the matrix stores the bin-wise coordinates (bins range from
10kbps to 250kbps depending on the resolution at which the experimental data was
recorded). The y-axis records the contact frequency or the confidence score for the
contacts made in the given range (figure 2.2). The higher the peak more likely the

chances of an interaction observed in the given genomic range.

Experimental data (.mcool/.bed/.bedpe files)

Contact
Frequency

Genome Coordinates \ -

Figure 2.2: Extracting genome coordinates with interactions from DamID/ Hi-C/ pcHi-C data.
The y-axis represents the contact frequency and the x-axis represents the genome coordinates.
The ranges highlighted in red correspond to the genome coordinates which were extracted for
further analysis.
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2.3 Statistical measures:

To compute the abundances of motifs and comparison of motif distribution across

different regions we used the following different statistical measures:

2.3.1 Observed by expected ratio(OE): To analyse the motif distribution in the

genome (or specific segment of interest in the genome) we used a statistical measure
of the observed to expected (OE) ratio. The number of times a motif occurs in a
sequence stretch is recorded as the observed count (O). The relative abundance is
normalized by the expected count (E) which takes into account the AT/GC richness in
the genome segment. E is calculated as (N — k + 1) [1,. i where nxis the number of
times a particular base occurs in a motif and whose probability is # and Nis the size
of the chromosome. The OE ratio captures the relative abundance of the motifs. OE
ratio >1 signifies the occurrence of a motif higher than expected by chance and
similarly, OE < 1 signifies the occurrence of a motif less than expected by chance. The
OE ratio is captured across different ranges and resolutions of data. The observed
count varies according to the chromosome segment studied, whereas the expected

count is the same for an individual chromosome of interest.

2.3.2 LAD to iLAD ratio (LIR): The nuclear envelope is lined by the nuclear lamina.

Regions in the chromosome which make frequent contact with the nuclear lamina are
called the Lamina associated domains (LADs) and the interspacing chromosomal
segments are called the interLADs (iLADs). We calculated the occurrences of all
possible motif combinations from the motif vector in these regions. The position index
of all the individual motifs in the motif vector was obtained using a pattern searching
algorithm (naive string search) and stored in a .json file (dictionary with key as motif
and list of positions as values) for each chromosome. To obtain the abundances of the
motif in the LAD to iLAD regions we used a metric called the LAD to interLAD ratio
(LIR). LIR is the normalized count of motifs in LAD to the interLAD region. The
normalization was done according to the LAD coverage at the given contact frequency

cutoff.
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Normalized motif count in LAD

LAD to iLAD ratio(LIR) = - - —
Normalized motif count in iLAD

Count in LAD/iLAD

Normalized count =
ormanzed CoUnt = 1D /iLAD length in Mbps

An LIR greater than 1 signified a higher abundance of a motif of interest in the LAD
region compared to the iLAD regions. Similarly, LIR less than 1 indicates a higher

occurrence of motifs in the inter-LAD when compared to LAD regions.

2.3.3 Correlating motif vectors: We used correlation to compare the similarity

between two motif vectors for different genomic regions. The correlation

between two motif vectors, X and Y, is computed as:

cov(X,Y)
oXxaY

pX,Y = where cov(X,Y) = X (X — uX) x (Y — uY) (D

Where cov(X,Y) is the covariance, (uX and uY) and (oX and oY) are the means and
standard deviations of OEs of motif vectors X and Y respectively. The correlation score

ranges from -1 to +1 signifying the degree of correlation.

2.4 Viterbi implementation of Hidden Markov
Model:

A Hidden Markov Model (HMM) is a statistical framework used to represent systems
with unobservable (hidden) states, characterized by a set of states, a set of observable
events (emissions ), transition probabilities (TP) between states, emission probabilities
(EP) of the observable events given the states, and initial state probabilities (starting
probabilities SP)8. The Viterbi algorithm is an efficient dynamic programming method
used to determine the most probable sequence of hidden states in an HMM, given a
sequence of observed events’. The algorithm initializes by setting up the initial
probabilities for the first observation, then recursively calculates the highest probability
of each state at each time step by considering the transition probabilities from previous
states and the emission probabilities of the current observation. This process involves
updating a matrix to keep track of the maximum probabilities, ultimately identifying the
highest probability at the final time step. The algorithm then backtracks through the

matrix to reconstruct the most likely path of hidden states that led to the observed
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sequence, ensuring accurate decoding of the observations in terms of the underlying
hidden states transitions (figure 2.3).

>Reference genome

ATTGCTAGCGATCGTAGCGTAGCTACTCGTAG
INPUT ATCGTCAGTCGGGCTCGGCGATGCGTAGCGA
GGCGCTAGCGTGATCGATGCTAGCGAGTCGA

e Y

' - ) ™
A tateA )
"
SP: Starting Probability
TP: Transition Probability
2 STATE EP: Emission Probability
HMM- Viterbi
R
| StateBy )
N P
>Reference genome
PREDICTION ATTGCTAGCGATCGTAGCGTAGCTACTCGTAG

ATCGTCAGTCGGGCTCGGCGATGCGTAGCGA
GGCGCTAGCGTGATCGATGCTAGCGAGTCGA

Figure 2.3: Schematic representation of the working HMM with Viterbi implementation. The
input is a reference genome sequence shown in the first box. The second box highlights the
working of the model using the different probabilities (SP, TP and EP) for each state shown in the
flowchart. The prediction of the states based on the probabilities is highlighted in the last box.

The main recursive formula for the Viterbi algorithm is given by:
8(j) = max;[6(i) X a;;] X b; X (0)
where:
e §(j) is the highest probability of any path that ends in state j.
e §(i) is the highest probability of any path that ends in state j.

e q;; is the transition probability from state | to state j.

e b; X (0) is the emission probability of the observation from state j

We designed a two-state Hidden Markov model to predict and distinguish a LAD from
an interLAD region given a genomic sequence of interest. To find the most likely
sequence of hidden states, we employed the Viterbi algorithm. It recursively computes
the probability of each possible next hidden state. The calculation is based on the

probability of the current hidden state and the transition probabilities between hidden
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states. The algorithm generates a matrix of probabilities for each set of observations
in a hidden state. We then select the hidden state with the highest probability and
generate our prediction results.

2.5 Classification of assessment measures:

A classification scheme classifies data points into different categories. A binary
classifier classifies data points into two categories. The performance of the binary
classifier can be assessed using different metrics. Following are some of the widely

used assessment metrics:

2.5.1 Confusion Matrix: Confusion matrix categorizes the binary classification

predictions into four categories:

e True Positive (7P): The outcome where the model correctly predicts the
positive class.

e False Positive (£P): The outcome where the model incorrectly predicts the
positive class.

e True Negative (7N): The outcome where the model correctly predicts the
negative class.

e False Negative (F#NV): The outcome where the model incorrectly predicts the

negative class.

2.5.2 Sensitivity: It is a metric to measure the proportion of actual positive cases
that the model correctly identifies. Sensitivity is calculated as the ratio of true positive
predictions to the total number of actual positive cases, indicating the model's ability
to accurately detect positive instances. It is also referred to as the true positive rate

(TPR) and is calculated as:

Sensitivity (TPR) = TP+—F]V

2.5.3 Specificity: It is a metric to measure the proportion of actual negative cases
that the model correctly identifies. Specificity is calculated as the ratio of true negative
predictions to the total number of actual negative cases, reflecting the model's ability
to accurately detect negative instances. It is also referred to as the true negative rate

(TNR) and is calculated as:

24



Specificity (TNR) = W

2.5.4 Mathews correlation Coefficient: The Matthews Correlation Coefficient

(MCC) is a metric used to evaluate the performance of a binary classification model.
It takes into account all four categories (true positives, false positives, true negatives,
and false negatives). It is a balanced measure when that is independent of the size of
the classifiers. The values range from -1 to +1. The higher the positive value stronger

the agreement of the model with the dataset. It is calculated as:

(TP + TN) — (FP + FN)

McCC =
J@TP +FP)x (TP + FN) x (TN + FP) x (TN + FN)

2.5.5 Accuracy: It is a metric to measure the proportion of correct predictions

(including both true positives and true negatives) relative to the total number of

predictions. It is calculated as:

TP+TN
TP+TN+ FP+FN

Accuracy =

2.5.6 Precision: It is a metric that quantifies the proportion of correct positive

predictions. It is calculated as:

TP

p . . - -
recision TP + FP

2.5.7 F1 score. The F1 Score is the harmonic mean of precision and recall

(sensitivity), giving equal weight to both metrics. It is calculated as:

Precision X Recall
F1 Score = 2 X

Precision + Recall

2.6 CLICK:

Studying the similarity and overlap of 3D protein structures can provide valuable
insights into a protein's function. CLICK®? is a computational tool that determines the

protein structural overlap without being dependent on the topology of the proteins. It
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is used to match the three-dimensional structures of proteins. CLICK, can match 3-D
structures of proteins by comparing two sets of points regardless of their chain
connectivity. CLICK creates small groups of points (3-7 in number) from selected
atoms (as defined by the user, such as C® atoms or a combination of C?%, CP atoms,
etc.) of spatially close amino acid residues. These groups are then superimposed
using a 3D least squares fit method. Additional features like solvent accessibility,
secondary structure, and residue depth can also be used to guide the matching

process.

2.7 JEDII (Juxtaposition Enabled DNA-binding

Interface Identifier):

JEDII is a prediction algorithm for DNA-protein binding and relies on the similarity of
hydrogen bond patterns at DNA-protein interfaces?. It uses hydrogen bond donor and
acceptor atoms in protein residues to guide structural alignments using the CLICK tool.
The algorithm is based on the conservation of hydrogen bond donors and acceptors,
which are crucial for DNA-protein specificity. By leveraging this conservation, the
algorithm predicts the DNA sequence that binds to a given protein structure, based on
the complementarity of the interface regions between the query protein and the

template (figure 2.4).

In constructing the model, the DNA coordinates from the template are transferred to
the aligned query. To ensure model accuracy, any models with more than one clash—
defined as a distance less than 1.5 A between protein C, C®atoms, and DNA atoms—
are discarded. Main chain O and N atoms are not checked for clashes since they
function as hydrogen bond acceptors and donors, respectively. The clash criterion is
set at 1.5 A, while hydrogen bond donor-acceptor distances below 4 A are permitted.
A DNA-protein contact is defined as a distance less than 3.5 A between

donor/acceptor atoms, and models with fewer than three such contacts are removed.
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Figure 2.4: Schematic diagram of the JEDII algorithm.

The best model is selected based on the query overlap percentage, calculated as the
number of donor and acceptor matches between the query and template proteins
relative to the total number of donors and acceptors in the query protein. DNA-binding
residues are identified as amino acids within 4 A of any DNA atom, and the DNA
sequence from the template is predicted as the binding sequence for the query protein.
This methodology, named Juxtaposition DNA-binding Interface Identifier (JEDII), has

been validated using the PDNA-285 dataset and other benchmark datasets?.
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Chapter 3

Reading Genomes

o Optimal size of DNA motifs involved in specific interactions with proteins

« OE ratio highlights motif preference across chromosomes

e« OE ratio clusters chromosomes based on motif preferences

o Motif distribution in the genome is non-random
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3.1 Introduction:

The human nuclear genome comprises a vast sequence of 3.2 billion base pairs of
DNA, constituting 24 distinct chromosomes. The sequence encoded in the
chromosomes regulates the functioning of the biological machinery of the cell. The
latest T2T-CHM13 reference '°, has comprehensively annotated the whole genome
without any gaps and has identified a total of 63,494 genes within the human genome.
This total count of the genes is inclusive of all the protein-coding genes, pseudogenes,
hypothetical genes and functional RNA (IncRNA, miRNA etc.) genes™. It is important
to note that the regions constituted by the genes only cover a small part of the genome
with the non-coding regions covering the majority of the genome’?>-'4. These non-
coding parts of the genome comprises of repetitive DNA regions, such as transposable
elements'®, consisting valuable information on disease-causing mutations'®, genetic
variations '7-'® and evolutionary conservation '®'. One major limitation of the previous
human reference genome assemblies (GRCh38 and 37) was the unresolved
sequence of 11.5 million bases which were uncharacterized and represented as gaps.
With the advancement of sequencing methodologies, we have the complete human
genome sequence. The T2TCHM13 genome assembly replaces the missing
elements, updates the incomplete sequences, and rectifies structural elements, thus
unravelling the complexities of the human genome. This additional information,
amounting to approximately 200 million base pairs, will greatly enhance the precision
and refinement of genome analysis and functional studies '"'81°, The current genome
assembly has refined the annotations of specific genomic regions highlighting the

understanding of segmental duplications and epigenetic markers?°2",

The regulation of the transcriptome inside the nucleus is complex and dependant on
the spatial organization??. Different experimental technigues are used to investigate
the genome sequence to understand the spatial coordination and how the
transcriptome is maintained?32425, Different experimental techniques such as 3C
techniques 4, Hi-C 1826, Dam ID 327, Chip-Seq?®2°, ATAC Seq3%3!, super-resolution
imaging®? and integrative genome modelling3334 investigate these characteristics of
spatial organization, protein-genome interaction and chromatin accessibility. The
resolution of the information from the techniques mentioned above is usually in the

range of 10-100 kilo-base pairs(kbps). Analysing genomes for all of the characteristics
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mentioned above usually involves aligning sequence stretches to one another.
However, relying solely on sequence alignment to investigate genome stretches of
size 10-100 kbps, especially with the intent of gaining insights into genome
organization/function has limitations. The small sample size of bases in such
comparisons leads to a high signal-to-noise ratio, rendering DNA sequence alignment
inconclusive. Even randomly generated sequences exhibit a similarity of
approximately 25% or more. Therefore, identifying and comparing sequence patterns
necessitates a focus on shorter sequence sizes. In this study we used an alternative

alignment free method to ‘read’ the genome.

Count

/ \
a]
4 Genome sequence

\ - / Motif distribution in the genome

Figure 3.1: Schematic representation showing reading the genome sequence in terms of motifs.
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Genomic studies have demonstrated that the periodicity of large genomes, spanning
megabases (Mbps) in size, can be discerned by analysing trends in much smaller
sequences, such as dinucleotide repeats or single sequence repeats found in
microsatellites and minisatellites. Additionally, CpG islands, which play a role in
regulating gene expression patterns, and trinucleotide single sequence repeats have
been identified as important sequence motifs 3536, Numerous other examples of repeat
regions, particularly in the non-coding portion of the genome, have been reported. As
the majority of the genome falls into this category, it is imperative to examine the
resolution of DNA motifs to understand their conservation and determine how the

frequency of occurrence correlates with their genomic locations.

K-mer or word frequency estimation are alternatives of alignment based studies where
sequences are processed in moving windows of a specified word length®728. This

method does not take into consideration the positional information of bases in
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sequence. Nonetheless, it is valuable for comparison of long sequence stretches (in
order of ~10-100 kbps) using calculation of word density to determine the similarity or
dissimilarity®®4°, These methods assess sequence patterns without relying on
alignments. In this study, we modified the k-mer method for a functional study of the

genome.

DNA-bound protein complexes in PDB contact DNA specifically spanning a resolution
of 5-6 nucleotides?. There are cases of larger DNA sequence recognition, but these
account for the cases where the binding protein partner oligomerizes and hence
contiguous patches span a larger sequence stretch. There are other cases where
contacts are made at different surface patches of the interacting protein. Only 5-6
bases (DNA motifs) are involved in base-specific recognition by hydrogen bonding.
Hence, in this study, we characterized the genome at a resolution at which it will be
specifically identified by the regulatory protein. Sometimes when protein interact with
DNA, the DNA could bend or alter its conformation from the regular B-form*'42, The
flanking DNA sequence is also a key determinant of the affinity of the transcription
factor*344, That notwithstanding, in this study we are assuming that a particular DNA
motif when binding to its cognate protein would always undergo the same recognition
shape change. We conducted an in-silico analysis to investigate the representation of
the human genome in terms of DNA motifs. We analysed motif distribution across
different sizes ranging from 2 to 6 bases. We compared the distinction between the
human genome and a random genome as a control. The analysis was done for the

whole genome as well as smaller genomic stretches such as the centromeric regions.

3.2 Methodology:

Data of genomic sequence(s) and the gene annotation, for all calculations was obtained from
NCBI RefSeq Human Genome assembly T2T-CHM13v2.0. 4>46

3.2.1 Motif generation and distribution metric scoring:

To investigate the distribution of DNA motifs throughout the genome, we employed a
sampling approach at a resolution of a few bases (figure 3.1). To assess the
enrichment of specific motifs within certain regions, we employed the OE ratio

(observed-to-expected ratio). The OE ratio is calculated as:
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Observed count (0): Number if times a motif occurs in a genomic stretch

Expected count (E) = (N—k+1) nf;lx

Observed count
OF Ratio =

Expected count
Where:
nx : number of times a base occurs in a motif
fx : base probability in the genome
k:motif length (in base pairs)

N: chromosome length (in base pairs)

The OE ratio is a statistical method used to measure the extent to which a particular
feature is overrepresented or underrepresented within a given dataset. It is calculated
by dividing the observed frequency of the feature by the expected frequency based on
the probability of occurrence. It is a normalized metric that accounts for the AT/GC
content of a chromosome. We calculate the OE ratio for all 4k motif combinations
possible given that there are 4 bases (A/T/G/C). The OE values are averaged for a
given motif and its reverse complement. The motif vector is the OE count recorded for
all combinations of motifs and their reverse complement pair. By calculating the
observed frequency of motifs within a selected region and comparing it to the expected
frequency, we aimed to gain insights into the distribution patterns of motifs across
different regions of the chromosomes. This analysis provides valuable information
regarding the enrichment of certain motifs in specific genomic regions.

Based on the genomic sequence range in this study, we obtained the observed count

of the motifs and computed the OE ratios as follows:

e OEwnole: The first measure of the O/E ratio was done for the whole genome,
where the observed count was the count of all the k-mer motif vectors in the
whole genome.

e OE1ookbps: To examine the distribution on a local scale, we partitioned the
chromosome sequence into bins. This bin-wise distribution provided us with
increased degrees of freedom for analysis compared to the unbinned
distribution. To segregate the chromosome sequences we divided the
chromosome into bins of 100kbps. The observed count is the count of
occurrence of a motif in a 100kbps bin.
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e OEcentromere: TO study the distribution patterns of motifs, in the centromeric
region, we applied the same O/E ratio to compare the motif distribution in the
centromeric regions of all chromosomes. The boundaries of these centromeric
regions are well-defined from the NCBI genome data viewer 46 (table 1),
allowing for precise analysis. The observed and expected count is the count of
occurrences and the probabilistic count of occurrences in the centromeric
region.

e OErandom: We generated a randomized genome (explained in detail in section
3.2.2) recorded the observed count of all the k-mer in the motif vector at
different genomic sizes and calculated the OE ratio.

In the above-mentioned calculations, the observed count is obtained from the different
sequence stretches. The expected count is the same across all computations (for a

particular chromosome).
3.2.2 Generating random genome:

As a control set, we generated a random genome for all 24 distinct chromosomes
having the same length and base composition as the original sequence. We used the
random module of python for the randomization. We used the nucleotide probability
(or base frequency) fx (where x = A/T/G/C) and the chromosome length from the
original sequence. The randomization was based on selecting the nucleotide in a
weighted random order. We also generated random set keeping the count of the
nucleotides same as the original chromosome sequence. The randomization was

done in triplicates to ensure consistency in comparisons.

3.3 Results:

3.3.1 Optimal size of DNA motifs involved in specific interactions
with proteins:

We analysed the optimal DNA binding patch for specific recognition by proteins. We
calculated the distance between two consecutive hydrogen-bonded nucleotides in an
NR set of 285 DNA-bound protein complexes (the duplicate structures removed to
avoid overrepresentation). From the frequency distribution of the distances, we
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observed that the optimal size for the interaction lies below 6 bps and the number
decreases with an increase in the distance (figure 3.2a). Cases where the distance
between two consecutive hydrogen-bonded bases is more than 6bps, it is indicative
of different binding patches. We observed that the hydrogen bonds that are separated
by a distance more than 6 bps interact with amino acids of two distinct patches on the
protein surfaces shown in purple in figure 3.2b. Thus, this observation highlights that
when considering specific recognition by hydrogen bonding, the interaction does not
encompass more than 5-6 bps stretch. Hence, we further characterize the genome at

a resolution of these DNA motifs which will be identified by the regulatory proteins.
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Figure 3.2: a. Frequency distribution of sequence distances between hydrogen-bonded
nucleotides in an NR set of 285 DNA-bound protein complexes °. The x-axis is the distance
between bases and the y-axis is the frequency. b. An example is where the distance between two
DNA bases involved in a specific interaction is more than 6bps (PDB ID: 4j(3). The protein (s
shown in the surface representation and the DNA is shown in the ribbon and stick. The specific
bases that make hydrogen bonds with the proteins are labelled (in yellow). Two distinct patches
on the surface of the protein hydrogen bonded is shown in purple.

3.3.2 OE ratio highlights motif preference across chromosomes:

We had previously established that protein binding stretches in genomic DNA span 5-
6 nucleotides? (section 3.3.1). So, in this study, we have read the genome at this length
scale, i.e., at biologically relevant DNA motif sizes. To begin with, we compared the
OEwhole Values across motif sizes ranging from 2-6 bases. The motif size range was
chosen to start from 2 bases to evaluate whether the observed distribution patterns
are solely influenced by the base composition or if they are indicative of specific motif

patterns (figure 3.3 a-c). We observed that with an increase in motif size, the number

of motifs with high OEwnole values (> 2) along with an increase in the ranges of the
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OEwnole (figure 3.4). From these observations, we infer that the variations in the OEwnhole
values are indicative of a more pronounced pattern of occurrence of motifs in size
range 5-6. Hence, for the rest of the study, we focussed on 5 and 6 mer motifs and
calculated the OE for different genomic ranges across all chromosomes.
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Figure 3.3: Heat maps of OE o ratios for motif size 2-4 (panels a, b and c respectively) across
the different chromosomes shown in log scale. The log(OE) ratios are coloured red through to
blue (colour legend) where red and blue indicate values of > 1 and < 1 respectively. The darker
the shade of the red (or blue) the higher (or lower) the ratio. The motifs are arranged according
to GC content, which increases going from bottom to top. In panels b and c, only a few
representative motifs (and their reverse complements) are labelled. Shown alongside the motif
labels are their GC contents.
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Figure 3.4: Box plot showing the distribution of the top 25% OEnote for motif vectors of different
sizes. The y-axis represents the OE,nole (limited to the range 0 to 10) and the x-axis represents
different motif sizes. The different colours are used to represent different motif sizes.

The analysis of the OEwhole across different chromosomes highlighted a higher/lower
abundance of common motif patterns that were independent of the ATGC content.
The OEwnoe motif vector consisted of the average values of a motif and that of its
reverse complement as we are looking at double-stranded DNA. Hence, we got 512
and 2080 motif pairs for 5 and 6mers respectively. The number of 6mer motif pairs is
not the exact half of all the 4096 motif combinations and the additional number is
accounted for by the palindromic motifs where the forward and reverse complement
pair are the same. On comparing the motif abundance across different chromosomes,
we observe two trends. Firstly, certain motifs are more or less abundant independent
of the chromosome of interest. The high or low abundance of the motifs can be inferred
from their OEwhole ratios (figure 3.5). The 6mer motif CCCAGC consistently has a high
OEwhole thereby a higher abundance across all chromosomes. The CCCAGCAG is a
reported consensus site for zinc finger protein ZNF1434’. Secondly, we also observed
that certain chromosomes have a variation in the trend of the OEwnoe values.
Chromosomes 9 and Y are the two such chromosomes which have distributions of

motif OEwnole Values starkly different from others (figure 3.5). This could be an attribute
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of the difference in the structural variability and the occurrence of the largest
heterochromatin composition in chromosome 9. The genes in chromosome 9 are
reported to be scattered across highly repetitive sequence stretches*®°. Likewise,
chromosome 9 also harbours the maximum repeat region in their genomic sequence®.
Thus, reading the genome in terms of motifs highlights the clustering of chromosomes
and also the identification of motifs that may be key players in the recognition of

different proteins®2.
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Figure 3.5: Heat maps of OEunoe ratios for motif size 5-6 (panels a-b respectively) across the
different chromosomes shown in log scale. The log(OE) ratios are coloured red through to blue
(colour legend) where red and blue indicate values of > 1 and < 1 respectively. The darker the
shade of the red (or blue) the higher (or lower) the ratio. The 512 and 2080 motifs for 5-mers
and 6 mers respectively are arranged according to GC content, which increases going from
bottom to top. In panels, a and b, only a few representative motifs (and their reverse
complements) are labelled. Shown alongside the motif labels are their GC contents.

3.3.3 OE ratio clusters chromosomes based on motif preferences:

We previously observed (in section 3.3.2) that certain motifs have high or low

abundance in certain chromosomes based on their OEwnole Values for both 5 and 6
mers. We clustered the chromosomes based on the motif abundances. On clustering
the chromosome, we find that the clustering pattern is similar for both 5 and 6mers

with minor rearrangements. From the dendrogram representing the clustering in figure
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3.6a and 3.6b, we observed that there is a large cluster of 14 chromosomes
(Chromosomes 2-8,10-12,14,18, 20 and X) which are more closely related to one
another than others considering the OEwhole. We also observed some smaller clusters
of chromosomes which have similarities among themselves. Chromosomes (17,19),
(1,15,16), and (13,21,22) are more similar to one another (figure 3.6). Chromosomes
9 and Y are the two most distinct ones and bear the least resemblance to the others
(uniqueness of the chromosomes 9 and Y is already highlighted in section 3.3.2).
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Figure 3.6: Heat maps of OEunote ratios for motif size 5-6 (panels b-c respectively) across the
different chromosomes shown in log scale with the clustering of chromosomes based on OE
ratios. The dendrogram represents the clustering of chromosomes based on the similarity in motif
distribution. The log(OE) ratios are coloured red through to blue (colour legend) where red and
blue indicate values of > 1 and < 1 respectively. The darker the shade of the red (or blue) the
higher (or lower) the ratio.

We also calculated the pairwise correlations between individual chromosomes to

highlight the clustering pattern for motif sizes 5 and 6mers (figures 3.6 and 3.7). The
correlation between chromosome pairs also highlights the grouping of chromosomes
based on OEwnoe, With some chromosomes more similar to one other compared to
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others. The distinction between chromosome 9 and Y with other chromosomes is

highlighted when compared with pairwise correlation as well.
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Figure 3.7: Heat maps of the Pearson’s correlation coefficient (PCC) based on motif vectors in
the whole chromosome for motif sizes 5 and 6 in 6a. and 6b. respectively. The x and y axes
represent the chromosome pairs. The Pearson correlation coefficients are coloured white through
to blue (colour legend. The darker the shade of the blue signifies a higher correlation.

3.3.4 Motif distribution in the genome is non-random:

From the results in sections 3.3.1, 3.3.2 and 3.3.3 it is evident that broad conservation

patterns exist across chromosomes. We also observed that certain chromosomes
have a unique motif distribution. From the whole genome, we now looked at the motif
abundances at a resolution of 100kpbs stretches. We divided the chromosomes into
ranges of 100kbps bins and calculated the OE1ookbps. Within each chromosome, sub-
regions have different distributions of the motifs, as seen in the 6-mer motif distribution
along 100kbps stretches of chromosome 18 (figure 3.8a). Chromosome 18 has a size
of around ~80.3Mbps. We retained the base composition of the original genome and
generated a randomized genome by scrambling the original chromosome sequence.
We calculated the OErandom based on the motif OE at 100kbps resolution from the
randomized genome. The distinct pattern in different 100kbps stretches in the real
distribution (OE1ookbps) (figure 3.8a) was no longer visible for the randomized genome

(OErandom) (figure 3.8b). We compared the randomization in all the chromosomes and
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compared it with the original distribution of OE1ookbps (figure 3.9). The observation was
consistent across all chromosomes. The only pattern that was consistent in the
OErandom (figure 3.9) across all the chromosomes is the similarity of motif distribution
based on the GC content and hence a gradient as the motifs were sorted in the order.
The high resolution images in figure 3.9 can be accessed from
(https://drive.google.com/drive/folders/113ajQtmMGQTGDO1ZIRcm9XHgkcdMmYp7R

?usp=drive link)
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Figure 3.8: Heat maps of the log values of motif OE ratios. Panels a and b show the OE;oo» and
OE andom heat maps for chromosome 18 in log scale respectively. The log(OE) ratios are coloured
red through to blue (colour legend) where red and blue indicate values of > 1 and < 1
respectively. The darker the shade of the red (or blue) the higher (or lower) the ratio.
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Figure 3.9: Heat maps of the log OE oo for all actual and random chromosome sequences, for
motif size 5 mers. The panel on the left shows the plot for the actual chromosomes sequence and
the panel on the right shows the results for randomised chromosome sequence. The log(OE)
ratios are coloured red through to blue (colour legend) where red and blue indicate values of >
1 and < 1 respectively. The darker the shade of the red (or blue) the higher (or lower) the ratio.
The 2512 motifs for 6-mers are arranged according to GC content, which increases going from
bottom to top. On the y-axis, the GC content of the motifs is labelled.

From the results above it is clear that the variation in motif distribution is also evident
within chromosomes. We next investigated the centromeric regions across all the
chromosomes. We obtained the centromeric boundaries from the NCBI genome data
viewer and UCSC genome browser#¢:53(table 3.1). We observed that the OEcentromere
distributions across the different chromosomes of the genome are different (figure
3.10a). We repeated the same analysis on the centromeric region from the
randomised chromosome (retaining the similar base composition as the original

chromosome) (figure 3.10 a, b and c). We observe that the distinct patterns visible in

the real distribution of OEcenromere are no longer apparent in the randomized case
(OErandom). We repeated the randomization in triplicates and the observations were
consistent (figure 3.10). We also calculated the pairwise correlations between
individual chromosomes to highlight the clustering pattern for motif sizes 5 and 6mers
(figures 3.11a and 3.11b). The correlation between chromosome pairs also highlights
the grouping of chromosomes based on OEcenromere. FOr instance, the acrocentric
chromosomes 13,14,15,21 and 22 have a distinctly different OEcentromere pattern (figure

3.10a, 3.11a and 3.11b). It is known that the short arms of these acrocentric

chromosomes are abundant with segmental duplications?®, which could be the

explanation for our observation.
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Table 3.1: Centromere boundaries for OEcentomere calculation. Column 1 represents the gene

name. Columns 2 and 3 represent the start-stop boundaries for each chromosome respectively.

Columns 4 and 5 show the chromosome-wise centromere size in bps and Mbps respectively.

Chromosome Start Stop Size(bps) | Size/Mbps
chr1 121973252 125421848 3448596 3.45
chr2 91879019 96296965 4417946 442
chr3 87983662 93990946 6007284 6.01
chrd 48247029 51956625 3709596 3.71
chr5 46259962 51541276 5281314 5.28
chré 58631981 62603545 3971564 3.97
chr7 58365242 62251569 3886327 3.89
chr8 43210183 47354764 4144581 4.14
chr9 42215186 45645422 3430236 343
chr10 38050203 41649353 3599150 3.6
chr11 51079005 55858265 4779260 478
chr12 33334329 37896869 4562540 4.56
chr13 16502400 18949340 2446940 2.45
chr14 16100180 18266678 2166498 2.17
chr15 17458137 20558059 3099922 3.1
chr16 35322745 38439712 3116967 3.12
chr17 22694097 27672900 4978803 4.98
chr18 15431301 21560433 6129132 6.13
chr19 24221370 28153079 3931709 3.93
chr20 25773360 30501863 4728503 473
chr21 10901609 13034530 2132921 2.13
chr22 13679758 17432904 3753146 3.75
chrX 58278961 63921024 5642063 5.64
chrY 10300948 10664448 363500 0.36
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Figure 3.10: Heatmaps for motif distribution based on OE entromere across different chromosomes.

Panel a shows the motif distribution in the original sequence. The 3 sets of randomised sequences
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shade of the red (or blue) the higher (or lower) the ratio.
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Figure 3.11: Heat maps of the Pearson’s correlation coefficient (PCC) based on motif vectors in
the centromeres for motif sizes 5 and 6 in a. and b. respectively. The x- and y-axis represent the
chromosome pairs. The Pearson correlation coefficients are coloured white through to blue
(colour legend. The darker the shade of the blue signifies a higher correlation.

3.4 Discussion:

We have attempted to understand the functional significance behind the genome

sequence. We studied parts of the genome just as they would be recognised by the
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interacting protein partners, i.e., 5 to 6 base pairs at a time. We established this optimal
recognition size by studying 285 NR DNA-protein complexes. Thus, DNA binding
proteins recognize their cognate sites on genomes by making interaction with either 5
or 6 bases per domain. There are exceptions in the size of consensus but these are
usually in cases where the DNA binding domains dimerise.

The findings from our comprehensive analysis of motif distributions across and within
chromosomes shed light on the regulatory landscape of the genome and reveal
potential coordination among different chromosomes. We studied the distribution
pattern of a total of 512 and 2080 unique 5-mers and 6-mers respectively that were
obtained by averaging the values of motifs and their corresponding reverse
complements. We observe a clustering of chromosomes based on this distribution of
motifs. This clustering was based on the two observations. Certain motifs are found
occurring in high or low abundance across all chromosomes. We also observe that

within a chromosome there is a distinct pattern of motif distribution.

We have shown that the distribution of these 5/6-mers is non-random. In real
genomes, there are regions of the genome where certain motifs are over or under-
represented. We have quantified this using the OE ratios. The non-randomness of the
motif distributions happens at the scale of the whole chromosome or even at the level
of smaller segments of the genome such as 100kbps stretches or even around
centromeric regions across all chromosomes. Using the simple metric of OEcentromere
ratios, we establish a unique pattern of motif distributions conserved across the
different acrocentric chromosomes (13,14,15,21 and 22) The centromeres of these
chromosomes are known to have segmental duplications and our analysis using only
the motif distributions in these regions also identifies the similarities. This study
highlights that distinct motif distributions ensure differential binding by the different

protein partners.
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Chapter 4

Promoter correlation to gene regulation

Gene correlations from promoter motif distributions

Significance of gene promoter correlations

Features of gene promoters having high correlations

Gene pairs with high correlation share common transcription factors

Multiple gene requlation by a common transcription factor

Promoter correlations highlight spatial proximity
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4.1 Introduction:

The current T2T-CHM13 genome assembly has annotated a total of 63,494 genes
within the human genome. This count encompasses both protein-coding genes,
pseudogenes, hypothetical genes and functional RNA (IncRNA, miRNA etc.) genes
and genes in which predicted frameshift mutations have been considered. The
transcriptional regulation of the different biological processes is a result of a dynamic
process of initiation, elongation and termination along with chromatin accessibility and
epigenetic mechanisms®. The promoters are DNA regulatory regions located
upstream of a gene transcription start site, which contributes as control points for gene
transcriptional regulation®®. In this study, we extended our analysis by looking at DNA
5/6-mer motif abundances in the gene promoter region based on the established

patterns in the genome.

The regulation of the transcriptome inside the cell nucleus is complex??. To ensure
successful gene transcription, it involves the coordination of a complex network
involving the transcription factors, chromatin regulators, and enhancer-promoter
looping®8. There are examples of spatial proximity of genes, which are distant
sequentially, as a result of coordination by different protein interactions®’. Thus, we
extend our motif distribution analysis to compare genome segments in the gene
promoter to get insight into the gene network. We compare the motif abundances in
the promoter regions of all the 63,494 annotated genes to find gene promoters that
share repetitive motifs, thereby establishing a possibility of being recognized by a
protein binding partner. Thus, our calculations establish a network of 63,494 genes
based on the motif observed expected (OE ratios) (figure 4.1). We use correlation
scores to signify the level of similarity between two gene promoters.
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Figure 4.1: A schematic of the using motif vector distributions in gene promoter to generate a
gene regulatory network of all annotated genes in the human genome.

We validated our findings using three case studies. In the first case study, we selected
three genes, LPHN1(ADGRL1), CDK9 and TRIMS, that exhibited high correlation
based on our analysis using motif abundances and compared them to a network map
using NetworkAnalyst %85, We identified two common transcription factors to all three
genes, thus validating our method and its use to find functionally significant gene
connections. For the second case study, we used a larger set of 19 genes which are
reported to be regulated by the same transcription factor(s) Jun/Fos. Our analysis
highlighted the correlation between the gene clusters. Thus, the method can be used
to predict differential gene regulation. The third case study investigated the use of the
method to predict the spatial proximity of genes. We used Hi-C datasets which provide
insights into genome compartmentalization®°. We validated our correlation with Hi-C
along with promoter capture Hi-C data (pcHi-C) datasets. Promoter capture Hi-C which
captures distal promoter interacting regions for all promoters®. We looked at the
correlation of genes that overlap with these regions detected by the Hi-C experiments.
We found a strong correlation between our scoring and the spatial positioning,

reinforcing the significance of our methods.

Utilizing the updated annotations of human genome sequence in our analysis provided
a clearer understanding of the functional significance of motif localization concerning
genes and how it influences cellular organization and biological processes. Overall,
our study sheds light on the intricate relationships between DNA motifs, gene

regulation, and genome organization. The unbiased approach, validation through
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multiple case studies, and utilization of the updated genome sequence contribute to

the robustness and reliability of our findings.

4.2 Methodology:

4.2.1 Motif distribution in gene promoters:

We defined the promoter regions into three categories based on size: 1kbps, 2kbps
and 6kbps upstream the gene start site. We used the OE ratio which is a statistical
method used to measure the extent to which a particular feature is overrepresented

or underrepresented within a given dataset. The OE ratio is calculated as:

Observed count (0): Number if times a motif occurs in a genomic stretch

Expected count (E) = (N—k+ 1) fonx
X

Observed count

OE Ratio =
atto Expected count

Where:
nx : number of times a base occurs in a motif
fx : base probability in the genome
k: motif length (in base pairs)

N:chromosome length (in base pairs)

For the different promoter sizes, we obtained OE1kbps_kmer, OE2kbps_kmer aNd OEskbps_kmer
for gene promoter sizes 1, 2 and 6bps and for motif size k = 5 and 6 respectively. We
obtained the coordinates of gene start and sites from the NCBI RefSeq gene

annotation653 and the promoter regions were extracted accordingly.

4.2.2 Comparing motif vectors of gene promoters:

To conduct a comparative analysis of motif patterns within different gene promoters of
the same chromosome and across different chromosomes, we obtained the OE promoter
vector list of size k-mer count. To identify any trends shared among a set of promoters
within the same chromosome or across different chromosomes, we calculated a
correlation of the vectors. We compiled a dataset of promoter correlations for each k-

mer vector of OEprom_1kbps, OEprom_2kbps and OEprom_skbps for motif sizes 5 and 6. The final
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dataset comprised Ni x 24 chromosomes where Ni represents the number of genes on
each chromosome. Correlations between motif vectors of different promoters were

computed as:

XY—CW(X'Y) h (XY)—ZX X)X (Y — uY
pX,Y = —< s where cov(X,Y) = (X — uX) x( uy)

Where cov(X,Y) is the covariance, uX and uY is the mean of OE of promoter X and
Y and oX and oY are the standard deviations of motif vectors of promoter X and Y
respectively. This formula allowed us to quantify the degree of motif pattern similarity
between different promoters and determine their correlation. By applying this
methodology, we aimed to elucidate the presence of shared patterns and regulatory

relationships among gene promoters across different chromosomes.
4.2.3 Finding Hi-C contacts with genes:

Hi-C data were obtained from GEO accession number GSE18215% (in .mcool format),
where chromosomes were divided into uniform bins of different sizes. We chose to
use data from the bins of the smallest size (highest resolution), 10kbps. We extracted
pairs of 10kbps bins from the data where cross-links were recorded between

chromosomes 18 and 19.

For the promoter capture Hi-C, we extracted the chromosome contact start-stop
coordinates from the .bedpe files from GEO accession number: GSM1704495°'. From
the NCBI gene annotation for the corresponding reference assembly used in mapping
the contacts, we obtained the gene coordinates that overlap with the contact regions
between the two chromosomes. For the gene pairs that fall in the region of contacts,
we obtained the promoter correlations according to our motif vector calculations at the

different aforementioned resolutions.

4.3 Results:

4.3.1 Gene correlations from promoter motif distributions:

We defined the promoter regions as the regions 1kbps, 2kbps and 6kbps upstream of
a gene start site. The size ranges were chosen as 1kbps, 6kbps ( a maximum known

effective size®?) and a value in between 2kbps. We obtained the abundance of the
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motif vectors using the 2080 OExkbps_k-mer Values for k-mers (k= 5 and 6) respectively,
where X is the size of the upstream regions considered as promoters. We calculated
the correlation between genes and the results were obtained chromosome-wise. Of
all the ~4 billion gene-gene motif vector correlations, we observed that about ~25% of
the motif vector correlations have a correlation coefficient of >=0.9 (for both 5 and
6mers) (figure 4.2). The order of magnitude of these high correlations (>=0.9) is
consistent for all motif sizes at different resolutions. As the promoter size increases
from 1kbps to 6kbps the proportion of the high correlations between chromosome pairs

changes but the trend remains the same (figure 4.2 a-f). A major contributor to the

high correlations comes from gene promoter motif vector correlations from the same
chromosomes. This is an attribute of the fact that most of the functionally co-regulated
genes are part of the same chromosome and the localization of the genes is also
proximal to one another. The average number of gene pair motif vector correlations
above 0.9 is ~920 genes per chromosome pair. Thus, on average 920 unique gene
pairs share correlations based on motif abundances in their promoter regions higher
than 0.9.

We observe certain trends between chromosome pairs that contribute to a high
proportion of the high correlations. The maximum number of inter-chromosomal gene
pair correlations is 36,408 gene pairs between chromosome 13 and 21. On the other
hand between chromosome Y and chromosomes 1 and 19, no gene pairs correlate
with a score of 0.9 and above. From the inter-chromosome interactions, it is important
to study the genes from different chromosomes that show similarity in the abundance
of the motifs from the motif vectors. This implies that the genes could be co-regulated
i.e. recognized by the same interacting partner.

We observe that the acrocentric chromosomes (13,14,15,21 and 22) share a large
proportion of genes, which share a high motif vector correlation (>= 0.9). There are
1768, 2216, 2072, 992 and 1310 genes in chromosomes 13, 14, 15, 21 and 22
respectively, that are correlated to at least two promoters from genes of other
acrocentric chromosomes. This observation can be suggestive of the Robertsonian
translocations®¢4, where the long arms of the chromosomes are joined to one another
and which is unique to the chromosome group. Ribosomal RNA genes constitute ~4-
13% (table 4.1a) of the total genes in chromosomes 13, 14, 15, 21 and 22. Additionally,

we also checked what fraction of the total high correlations (Pearson’s correlation
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coefficient >= 0.9) were contributed by the rRNA gene pairs from both chromosomes.
We observed that ~92-92% of the high correlations are contributed by the rRNA genes
from both the chromosomes for chromosomes 13,14,15 and 21(table 4.1b). However,
none of the rRNA genes from chromosomes 13,14,15 and 21 with the rRNA genes of
chromosome 22 contribute to the high correlations (table 4.1b). Thus such tandem
repeats of rRNA genes highlight the conserved patterns._Similarly, chromosomes 4
and 10 also show a higher proportion of gene pairs (1017) which had a correlation
coefficient above 0.9 (figure 4.2a). A translocation between these two chromosomes
is also known in certain types of leukaemia®% and Wolf-Hirschhorn syndrome®’.
However, the high correlations between the genes in these chromosomes are not an
attribute of the rRNA genes. Just as in acrocentric chromosomes, the reason for the

translocation could be the local similarity in the motif distribution.
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Heatmap of 2kb S5mer correlation above 0.9 cutoff Heatmap of 2kb 6mer correlation above 0.9 cutoff
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Figure 4.2: An inter-chromosome motif vector correlation map of frequency of gene pairs with
correlation coefficients > 0.9 for k-mers with promoter sizes of n kbps (where n = 1,2 and k = 5
and 6). The proportion of highly correlated genes are colour-coded on a white-yellow-green-blue
gradient. The white end represents no correlation while the darker the shade of blue the larger
the number of correlated gene pairs. Figure Ta-f shows the result for 1,2 and 6kbps for 5 and 6
mer motif sizes respectively.
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Table 4.1a: Chromosome-wise composition of rRNA

Chromosome rRNA genes
13 12.8%

14 12.2%

15 7.1%

21 15.4%

22 4.4%

Table 4.1b: Proportion of rRNA genes contributing to high correlations (>=0.9)

Chromosome 14 15 21 22
13 82.70% 91.50% | 83.7% 87.4%
14 81.50% | 81.5% 80.9%
15 86.10% | 87.5%
21 82.3%

4.3.2 Significance of gene promoter correlations:

We wanted to study the feature of motif abundances in the regions proximal to the
gene start and stop site. Hence, as a control, we repeated the analysis of motif vector
correlations beyond the promoter regions. We repeated the analysis for downstream
regions of genes and random bins from the chromosome of the study. The dimension
of the random correlations will be the same as the number of genes in the
chromosomes selected. For this analysis, we selected the chromosome pairs 6-7, 12-
13 and 11-18. The selection of the chromosome pairs was done such that the sample
set had chromosomes of different sizes and gene density (figure 4.3). We obtained
the correlations at different resolutions of motif vectors of 5-mer and 6-mer for 1kbps,
2kbps and 6kbps regions in gene promoters, downstream regions and randomly
selected regions. It is to be noted that the random regions may overlap with the genic
regions as we have not eliminated any genic bins in this analysis. The higher

correlation coefficients are more evident in the gene promoter regions as opposed to
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the random regions or the downstream regions of the genes (Table 4.2a). It is to be
noted that the gene pairs showing high correlations in the downstream regions can be
an attribute of those genes where the start site of one gene overlaps with the stop site

of another gene (Table 4.2b). In the case of a random bin set, the enrichment is
consistent across all randomization and all resolutions.
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Figure 4.3: Chromosome-wise wise gene density plot. The y-axis represents the number of genes
per Mb of the chromosome. The x-axis represents the different chromosomes. The data points
represent the number of genes/Mb (gene density) of each chromosome.
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Table 4.2a: Comparison of gene-pair correlation above 0.5 in promoter and downstream vs

random bins.

Promoter Size

1kb

2kb

6kb

Motif Size Genomic Region

Promoter
Downstream
Random
Promoter
Downstream
Random
Promoter
Downstream
Random
Promoter
Downstream
Random
Promoter
Downstream
Random
Promoter
Downstream
Random

Chr6-Chr7

Chr12-Chr13

11.74
11.00
5.45
0.98
0.59
0.23
33.63
39.23
31.24
3.51
4.33
1.57
78.99
80.81
79.25
39.15
43.60
30.93

11.10
9.05
4.28
1.97
0.40
0.18

29.66

32.88

26.89
3.34
3.19
0.94

67.46

69.28

71.03

33.10

35.12

27.29

Chr11-Chr18

11.01
10.04
5.33
0.99
0.41
0.15
32.60
39.02
31.00
2.88
3.33
1.17
77.16
79.89
74.88
37.63
41.71
30.48

Table 4.2b: Distribution of genes with overlapping coordinates in different chromosomes

Chromosome

Chr6
Chr7
Chr11
Chr12
Chr13
Chr 18

Total

3086
2891
2995
2575
1768
1022

% Overlap
22.65%
21.90%
20.50%
24.82%
18.27%
22.20%

As another control set, we have also compared the motif vector correlations

(Pearson’s correlation) in the promoter regions of all genes between chr12-chr17 and

chr18-chr19 with Spearman’s rank correlation. We observed that the trend was similar

for both chromosome pairs 12-17 and 18-19 with R?values 0.83 and 0.79 respectively

for 1kbps 5mer motif vector comparisons (figure 4.4).
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Comparison of Spearman & Pearson Correlations between Comparison of Spearman & Pearson Correlations between
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Figure 4.4: Comparison of spearman vs Pearson’s correlation coefficient for motif vector
correlations of all gene promoters. The x-axis represents Pearson’s correlation score and the y-
axis represents Spearman’s score. Panels a and b show the comparisons for chromosome pairs
12-17 and 18-19 respectively.

4.3.3 Features of gene promoters having high correlations:

We observed from our analysis that high correlations (>= 0.9) between different
chromosome pairs share different features. We compared the sequence similarity
between the chromosome pair 13-14 (which is involved in Robertsonian translocation
as mentioned in section 4.3.2) compared to chromosome pair 18-19. We did this

comparison with chromosomes 18-19 as the chromosomes are reported to have a
staking difference in their gene density®8 (figure 4.3) as well as their localization inside
the cell nucleus® 7. We compared the sequence identity of the promoter sequence of
the highly correlated genes (Pearson’s correlation coefficient >= 0.9) in chromosomes
13 and 14 against chromosomes 1 and 19. We observed that there is a stark difference
in the sequence identity of the promoter sequence of the genes in the two chromosome
pairs. Chromosomes 13-17 have 20% of the high correlated genes having a sequence
identity of at least 80% (figure 4.5). Whereas, between the promoter regions of the
genes in 18-19 the maximum sequence identity is 37% (figure 4.5). There are no
genes in chromosomes 18-19 that inspire sharing similarity in the motif abundances

in the promoter regions, the sequence similarity is not more than 37%.
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Figure 4.5: Distribution of sequence similarity in gene promoters having high correlation in
chromosome pair 13-14 and 18-19 in blue and orange respectively. The x-axis represents the
percentage sequence identity in the promoters and the y-axis represents the frequency.

We looked at the relative abundances of the motifs in the gene promoters at different
resolutions. This was done to find if the high abundance of certain motifs is a common
feature of the gene promoter regions. We wanted to further study, how the motif vector
OEnkbps_kmer is distributed for the different promoter and motif sizes (n = 1,2 and 6 kbps
and k = 5 and 6-mer). The proportion of genes that have motifs with high OE values is
highlighted in table 4.3. Out of the total 63,494 genes annotated across all the
chromosomes, we observe that a significant number of motifs show high abundance
in the gene promoters across different resolutions. Thus, the high abundance (OE
>=5) holds for a large majority of the genes (> 50%) at different promoters (1kbps,
2kbps and 6kbps) and motif sizes (5 and 6-mers). We also observed that there is also
an overlap in these motifs that have high OE in the promoter regions. We identified
seven motifs of size 5 (CGGGG, GCGCG, GCGGG, GGCGG, GGGGC, GGGGG and
GGAGG) and sixteen motifs of size 6 which have OEikbps smer and OE 1kbps_6mer >= 10
in at least 1% of the total genes in each chromosome (figure 4.6). Thus, our
observations highlight certain features of gene promoters. The gene promoters have
certain motifs that occur in high abundances which contribute to the correlations when
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the motifs are the same. We also highlighted that the high correlation between gene

promoters is independent of the sequence identity of the gene promoters.

Table 4.3: Count of gene promoter proximal control elements having motifs with high
OEnkops kmer. Column 1 represents the resolution of promoter and motif where n is promoter size
and k is motif size. Column 2,3,4 shows the result for OF cut-offs 5, 8 and 10 respectively.

Resolution OE>=5 OE>=8 OE >=10
Tkb_5mer 51,103 32,235 22,871
Tkb_6mer 57,660 57,534 55,404
2kb_5mer 44,165 21,983 13,370
2kb_6mer 57,659 54,485 48,882
6kb_5mer 33,453 11,412 6,142
6kb_6mer 56,688 45,947 37041

Chromosome

a. b.

Figure 4.6: Common motifs having high abundance in most gene promoter regions across
different chromosomes. Figures 5a and 5b represent the occurrence of motifs of sizes 5 and 6
across different chromosomes. The heatmap scale represents the % of total genes where the
motif is present. The lighter shade of yellow represents a larger number of promoters a motif is
present. The y-axis represents the conserved motifs and the x-axis represents the different
chromosomes. The annotations in the cells represent the percentage of the total genes the motifs
are present.
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4.3.4 Gene pairs with high correlation share common transcription

factors:

To validate whether high correlations within gene pairs located on different
chromosomes were attributable to the regulation of these promoters by the same set
of transcription factors. On leveraging our promoter scoring approach to identify genes
that are associated with a particular transcription factor. By examining the correlation
among these genes, we aimed to assess whether the positive correlation scores could
be attributed to shared regulation by the identified transcription factor. We looked at 3
genes whose promoter motif vectors had high correlations (>= 0.9) between one
another. The genes identified were LPHN1(ADGRL1) (adhesion G-protein coupled
receptor L1) located in chromosome 19, CDK9 (cyclin dependant kinase 9) located in
chromosome 9 and TRIMS8 (tripartite motif containing 8) located in chromosome 10.
All the gene pairs show a strong correlation in the range of 0.9-0.91 among them (table
4.4). We obtained a high correlation between these motif vectors because there are a
few motifs that are common to all three genes with high OE ratio values in the promoter
regions (table 4.5). We used NetworkAnalyst>® which allows input of a gene list and
provides analysis options, including the identification of common transcription factors
using the Jaspar and Encode databases "1-74. Among the many transcription factors
associated with these genes, we obtained two transcription factors SP1 and TFAP2A
common to all the genes (figure 4.7). We used JASPAR'"">7> to get the consensus
binding sequenced recognized by the transcription factors with our motifs (table 4.5).
The consensus for SP1 and TFAP2A can be interpreted as
NNGGNNNI[G/T][G/C/A][T/A] and GCCNNN[G/A][G/AIT][G/C] respectively. We
observed that a subset of the consensus motif (GGCGG, CGGGG, GCCGG) has OE
values above 10 in the promoter region of all the genes. Similarly, for TFAP2A, seven
5mer motifs (GCGGC, GGGCG, GCCCG, GGGCC, GGCCG, GCCGG, GGGGC)
derived from the consensus have OE values above 10 in all three gene promoters
(table 4.5).
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Table 4.4: Correlation of OEprom_ikbps smer Of LPHNT, CDK9 and TRIM8 genes from chromosomes

19, 9 and 10 respectively.

ChrA Gene A ChrB Gene B Corr 1kb_5mer
19 LPHN1 9 CDK9 0.905
19 LPHN1 10 TRIM8 0.903
10 TRIM8 9 CDK9 0.910

Table 4.5: Common transcription factors of genes having high correlation and common
transcription factors. Column 1 and 2 shows the gene sets and the common transcription
factors between them. The consensus from JASPAR for the respective transcription factors is
shown in column 3. Column 4 records the OEpom_ikb_smer Of genes.

Genes Connected |TF

Consensus Motif

Promoter Motif: OE

LPHN1,CDK9,TRIM8 [SP1

Motif
Pair
GGGGC
GGCGC
CGGCG
GGCGG
CCGGG
GCGGC
GGGCG
CGGGG
GCCGG
GGGGG
GCGGG
GCCCG
GGAGG
GGGCC
GGGAG
CGCGG
GGAGC
AGGCG
GGCCG
CTCCG
GCGCG

ADGRL1
17.6
16.34
16.33
16.15
14.36
14.35
14.32
13.68
11.74
11.6
11.14
9.15
8.89
8.51
8.31
7.83
7.73
7.71
7.2
713
6.53

CDK9
26.59
23.95
29.22
51.61
21.28
41.19
30.55
23.91
15.96
21.27
25.19
23.92
26.11
19.93
14.07
17.29

7.52
10.3
23.91
14.97
10.66

TRIM8
20.83
23.38
22.11
23.49
25.97
29.91
20.83
27.21
20.76
20.54

20.8
20.79
20.29
14.29
19.37
24.68

9.24

5.54
23.37

7.39
22.08
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LPHN1,CDK9,TRIM8

TFAP2A

Motif
Pair ADGRL1 CDK9  TRIMS
Q C GGGGC 176 2659 2083
LoV Y e av s GGCGC 1634 2395 2338
CGGCG 1633 2922 2211
GGCGG 1615 5161 2349
CCGGG 1436 2128 2597
GCGGC 1435 4119 2991
GGGCG 1432 3055  20.83
CGGGG 1368 2391  27.21
GCCGG 1174 1596  20.76
GGGGG 116 2127 2054
GCGGG 1114 2519  20.8
GCCCG 915 2392  20.79
GGAGG 889 2611 2029
GGGCC 851 1993 1429
GGGAG 831 1407 1937
CGCGG 783 1729 2468
GGAGC 7.73 752 924
AGGCG 7.71 10.3 5.54
GGCCG 72 2391 2337
CTCCG 713 1497 739
GCGCG 653 1066  22.08
LPHN1,TRIMS E2F1 Motif
Pair LPHN1 TRIM8  CDK9
' C TTTTC 3.20 132 0
- TTTCC 2.97 0.93 0.47
TGCGC 298 646 064
TRIM8,CDK9 HINFP Motif
Pair CDK9  TRIM8  LPHNT
| ACCCC 47 369 058
AC TCCTC 6.57 5.23 1.63
o A4 TCCGG 656 646 298
AGGGG 844 832 476
GTCCG 1.87 1.84 06
LPHN1,CDK9 RELA Motif
Pair LPHN1 CDK9  TRIMS8
TTCCC 216 132 0.00

el

= A (e
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Figure 4.7: A graph representation of a gene regulatory network involving 3 genes LPHN1,
CDK9 and TRIMS8 (shown as red nodes). Each such red node is connected via edges to
transcription factors controlling their expression (cyan nodes).

We also looked at the relative abundances of motifs in the promoters for TFs that were
common to two of the three proteins. We looked for motifs that were abundant in the
promoters of two of the genes while being poorly represented in the other (table 4.5).
The TFs — E2F1, HINFP and RELA are the TFs that are common between (LPNH1
and TRIM8), (CDK9 and LPNH1) and (CDK9 and TRIM8) respectively. The JASPAR
consensus motifs for these TFs can be interpreted as TTT[G/C][G/C]CG[C/G],
[A/G]C/G]JGTCCGC and [G/C/T][G/T]G[A/GINTTTCC for E2F1, HINFP and RELA
respectively. Though there are TF consensus-derived motifs that have higher OE ratio
values in the promoters of the two genes sharing the same TF than the one not in
common, the absolute values of the abundances are lower than the other two. We
noticed this for all three TFs E2F1, HINFP and RELA where 3, 5 and 1 motifs showed
such trend in the relative abundances respectively. This may be indicative of the fact
that differential regulation may not always involve TFs alone.

This analysis enabled us to determine if the correlated gene promoters shared a
common transcriptional regulator. The identification of common transcription factors
supports the hypothesis of shared regulation and suggests the existence of
coordinated regulatory mechanisms underlying the observed correlation between

gene promoters.
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4.3.5 Multiple gene regulation by a common transcription factor:

We previously established that gene pairs sharing motif abundances in their promoter
regions are likely to be co-regulated by the same transcription factor(s). We also
looked at the promoter regions of all genes that have been reported to be regulated
by the same transcription factor. We focussed on the activator protein 1 (AP1) which
is composed of dimers consisting of members from the Jun, Fos an activating
transcription factor protein families’®’’. AP-1 is known to regulate 19 genes by binding
to their promoter and enhancer regions, and its function has been extensively studied
in mice’®. These genes have been reported to be upregulated or downregulated by
the AP-1 family of proteins in mice 8. We looked at the human homologous of the
mouse genes and looked at the motif distribution in their promoter regions. All vs all
correlations of these 19 gene promoter motif vectors were computed (figure 4.8). We
observed that some of the genes share higher correlations with other gene promoters.
Clustering based on the degree of correlations, we observed three groups based on
the genes which have higher correlations within themselves compared to others in the
list of genes. Our analysis revealed that 10 out of the 19 selected genes exhibited a
strong positive correlation (>=0.5) with their human counterparts. An interesting
observation here is that the Fos/Jun binding consensus motif TGACTCA is not among
the motifs with high OE ratio values. There are motifs with high OE (OE ratio ranging
from 3 to 33) that are in common with several genes (such as motif CGCGG present
in genes BCL2, BCL2L11, HBEGF and EGFR) and could be binding sites of some
gene regulators (identity unknown) (supplementary data of AP1 network). This finding
suggests a conservation of regulatory mechanisms in the promoter regions of these
genes between mice and humans. The observed positive correlation scores further
support the notion that these genes are likely part of the same regulatory machinery
controlled by the AP-1 transcription factor. This also highlights how we can generate
a gene regulatory network by clustering genes whose promoters share the same

consensus motif.
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Figure 4.8: A gene-gene interaction heat map of OE i _smer for 19 genes that are all requlated
by the transcription factor Jun-Fos. The higher (or lower) the correlation the darker the shade
of red (or bluer) is the grid.

4.3.6 Promoter correlations highlight spatial proximity:

We previously established that genes whose promoters share high correlations are
likely to be co-regulated. Thus, we investigated the spatial proximity of such genes.
We wanted to study whether the correlations implied co-localization. Experimentally,
co-localization information is inferred using Hi-C*826 experiments which used chemical
cross-linking to identify genomic regions which are in proximity to one another. The
resolution from different Hi-C experiments is in the range of 10-100 kbps. In contrast,
our computations are at a higher resolution, with our inferences being drawn by
studying the abundance in the size of 5-6 bps motifs. Hi-C experiments capture the
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cross-links, independent of the presence or absence of genes. Our data is restricted
to gene promoters and thus focuses only on the genic regions. Thus our analysis is in
comparison with only a subset focusing only on the Hi-C contacts which have a gene
in them. Additionally, we also looked at the promoter capture Hi-C data (pcHi-C) which
captures distal promoter interacting regions for all promoters®. We compared our
correlations of the gene pairs that overlap with the spatially proximal; regions detected

by the Hi-C experiments.

We used two datasets for our validation: 1. Hi-C data of long-range chromatin contacts
in HCT116 colon cancer cells ®°(accessible under GEO accession number GSE18215)
and 2. pcHi-C data which looks at novel gene contacts associated with autoimmune
risk loci ' (accessible under GEO accession number: GSM1704495). We compared
our motif vector correlations to Hi-C data for chromosome pairs 18 and 19.
Chromosomes 18 and 19 have 1022 (spread over ~80.5mbps) and 2531 genes
(spread over ~61.7mbps) respectively according to the current T2T reference genome
assembly (refer to table 6 for annotations of the previous reference assemblies). The
two chromosomes differ in their gene density®® (figure 4.3) as well as their localization
inside the cell nucleus®’°. Chromosome 18 has a peripheral localization whereas
chromosome 19 is mostly internalized. We obtained the genome coordinates of
contacts from the Hi-C experiments and obtained the genes that overlap with the Hi-
C contacts. Identification of the gene coordinates was done using the respective
reference assembly (table 4.6) that was used to generate the Hi-C data.

From the 10kb bin long-range chromatin contact Hi-C data, there are Hi-C data, there
are 1,327,617, 699,290 and 23,688 Hi-C contacts intra-chromosome-18, intra-
chromosome-19 and inter-18-19 respectively according to GRCh38 reference
assembly. Of these, only a small fraction of 12,790, 115,595 and 926 are contacts
overlap with regions having genes in intra-18, intra-19 and inter-18-19 respectively.
As expected the number of inter 18-19 contacts is small in comparison to the intra
chromosome (18-18 and 19-19) contacts. The aim here was to determine if the gene
promoter motif vector correlations correlate with physical proximity. Of the overlaps
determined, only 12,213, 111,730 and 890 gene-pairs find a match with the current

T2T gene annotation list which is our reference for the motif vector correlations.
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Table 4.6: Comparison of number of genes annotated according to different reference

assemblies
Chromosome T2T GRCh38 GRCh37
Chr18 1022 983 717
Chr19 2531 2492 2248

Table 4.7: Comparison of gene-pair correlation inter and intra chromosome 18 and
chromosome 19 in Hi-C contacts vs all

Chr-Pair Resolution 1kb_5mer 1kb_6mer 2kb_5mer  2kb_6mer 6kb_5mer 6kb_6mer
Gene pairs with motif vector correlation >= 0.5 9.92% 0.47% 32.09% 2.32% 76.20% 38.90%

Chr18-Chr19 Gene pairs in HiC with motif vector correlation >= 0.5 14.38% 1.01% 35.96% 4.16% 77.75% 44.38%
Gene pairs with motif vector correlation >= 0.5 9.96% 1.18% 31.94% 231% 80.11% 37.28%

Chr18-Chr18 Gene pairs in HiC with motif vector correlation >= 0.5 18.84% 7.72% 418 8.95% 88.85% 52.25%
Gene pairs with motif vector correlation >= 0.5 15.10% 0.90% 46.07% 9.14% 79.56% 60.74%

Chr19-Chr19 Gene pairs in HiC with motif vector correlation >= 0.5 22.18% 3.74% 56.91% 15.11% 88.30% 72.78%

We identify the genes having motif vector correlation scores >= 0.5 from the inter and
intra chr18, chrl9 Hi-C contacts. We see enrichment in the motif vector correlations in
the Hi-C contacts for all the inter and intra-Hi-C contacts at all resolutions of motif
vector correlations at different sizes (Table 4.7). However, we see that the enrichment
improves if we are looking at promoters in very close proximity to the gene transcription
start sites (1kbps). We also verified the high correlations between the genes as a
result of sequential proximity between the genes. As a control, we plotted the distance
between the genes against the correlation of their promoter control regions. We
observe that high correlations between gene promoter proximal control regions are
not dependent on the sequential proximity of the genes (figure 4.9). It is to be noted
that this comparison was done only across intra-gene correlations as we cannot

determine the sequential proximity of inter-chromosome correlations.
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Scatter plot of gene pair distance vs gene pair correlation in Chrl8 Scatter plot of gene pair distance vs gene pair correlation in Chrl%
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Figure 4.9: Compar[son. of distance between genes and motif vector correlations,

The y-axis represents the correlation coefficient and the x-axis represents the distance between
a gene pair. Panel 7a and 7b show motif vector correlations at Tkb 5mer for gene pair in
chromosomes 18 and 19 respectively. Panels 7c and 7d show the correlations at Tkb 6mer
resolutions in the same order.

We repeated this analysis using pcHi-C data using chromosome pairs 18 and 19 and
obtained 3655 contacts. Out of this when we obtained the coordinates of gene pairs
using the GRCh37 reference assembly annotations, we found that only 123 gene
coordinates overlap with the pcHi-C contacts. 118 out of the 123 gene-pairs match
with our correlations using current T2T reference assembly gene annotations (table
4.8).
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Table 4.8: Comparison of gene-pair correlation inter chromosome 18 and chromosome 19 in
Hi-C vs pcHi-C vs all

Resolution 1kb 5mer 1kb_6mer

Gene pairs with motif vector correlation >= 0.5 9.92% 0.47%
Gene pairs in HiC with motif vector correlation >= 0.5 14.38% 1.01%
Gene pairs in pcHiC with motif vector correlation >= 0.5 22.80% 0.85%

TADs are well-defined chromosome segments which make more frequent genomic
contacts to one another and are hence purportedly in spatial proximity”. It has been
established that binding sites for the protein CTCF, characterised by the motif CCCTC,
mark the TAD boundaries®®8!, The CCCTC motif is among the top 50 most abundantly
present motifs in the human genome (43" on a list of 512 with an average OE 1kbps_5me
value of 1.85. Interestingly, the OEkbps_smer for CCCTC in the promoter regions of gene
pairs that have a motif vector correlation of > 0.5 and are proximal to Hi-C or the pcHi-
C contacts in chromosomes 18 and 19 lies in the range 0 to 20 (figure 4.10). In
contrast, the OEikops_smer fOr the other motifs in the genes in proximity, do not exceed
2.5. On closer inspection, we observed that 10 and 16 out of the 27 and 128 gene
pairs in pcHi-C and Hi-C respectively show an OEikbps smer Of the CTCF motif greater
than 5 in at least one of the genes in contact. Thus, the CTCF motif is one of the major
contributors to the high correlation (correlation coefficient > 0.5) in the genes in

proximity.
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Figure 4.10: Distribution of OEiwps smer CTCF binding motifs vs other motifs in gene
promoters with Hi-C and pcHi-C contacts between chromosome 18-19 Hi-C. Panels a and b
represent the distribution of genes from pcHi-C and Hi-C experiments respectively. The blue
and green colour box plot represents the distribution of the CCCTC motif chromosome 18
and chromosome 19 respectively. Orange and black colour represent the distribution of other
motifs in chromosome 18 and chromosome 19 respectively.

We see the enrichment conserved when compared to all gene correlations. The motif
vector correlations are high among gene pairs that also have Hi-C contacts. This
opens up the possibility that Hi-C contacts could be predicted from gene correlations.
It is to be noted here that the gene pairs in 10kbps bin Hi-C contacts do not overlap
with the pcHi-C data even though the individual genes from chrl8 and chrl9 show
overlap (figure 4.11). Due to the lack of uniformity in the reference assembly used in
generating the Hi-C data. we believe that we believe we are missing out on identifying
many more genes in the Hi-C data that are captured by our correlations because the
GRCh37/ GRCh38 annotations and gene positions are not uniform with the T2T

annotations.
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Chr18-19 common genes in HiC experiments
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Figure 4.11: Overlap of gene/gene-pairs in Hi-C vs pcHi-C data. 5a. represents the overlap
between all the gene-pair. Figures 5b and 5c represent the overlap between the unique genes
involved in different Hi-C contacts in Chr18 and Chr19 respectively. The green colour represents
Hi-C capture at 10kbps resolution and the peach colour represents pcHi-C contacts.

4.4 Discussion:

The findings from our comprehensive analysis of motif distributions and promoter
correlations shed light on the regulatory landscape of the genome and reveal
potential coordination among different chromosomes. The observed patterns of
motif representation across the genome, as depicted by the heatmaps, indicate the
existence of common motifs that are consistently overrepresented, independent of
the ATGC content. These results suggest the presence of underlying regulatory
mechanisms that influence the distribution and conservation of specific DNA
motifs. The increasing refinement of motif patterns as motif size increases
highlights the potential functional significance of larger motifs in regulatory
processes. The identification of overrepresented motifs ranging from dinucleotides

to 6-mers suggests that longer motifs may play a more prominent role in governing
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gene regulation. This underscores the importance of considering larger motifs
when studying the functional implications of DNA sequence patterns.

The examination of promoter regions across chromosomes provided valuable
insights into shared regulatory mechanisms and potential interactions among
genes. We observed that the specific 5 and 6-meric motifs had higher abundance
in the promoter regions (~50%). When the correlation was obtained based on the
motif abundances, we obtained certain gene promoters had strong correlation (>=
0.9) compared to others. We obtained two such clusters of high correlations
between genes in different chromosomes: (13, 14, 15, 21 and 22) and (4,10). In
both these groups the chromsomes are reported to be involved in translocations.
Chromosomes 13,14,15, 21 and 22 show a mix and match of chromosomal
segments between their genes is termed Robertsonian translocations and is
implicated in genetic diseases such as Patau syndrome®? and Down syndrome?®3.
Translocations between chromosomes 4 and 10 are associated with certain types
of leukaemia®%6 and Wolf-Hirschhorn syndrome®’. The motif vector correlations
also highlight the trends. The high abundances of promoter correlations are also
an attribute of the tandem repeats in the promoter regions of the rRNA genes
across these chromosomes, however this observation is restricted to the
chromosome group of (13,14,15,21 and 22). We also highlighted that the
translocations may only be possible when there is a high degree of sequence
similarity/identity between the regions of translocation. However, not all regions
sharing high similarity/identity may be susceptible to translocations as it may
require the presence of certain motif(s). What motif(s) and their distributions can
only be gauged with a focused analysis of the translocating segments. The patterns
of high correlation across gene promoters are also distinct from that of downstream
regions of genes or random regions in the chromosomes.

To validate the reliability of our promoter scoring metric, we conducted three
distinct case studies. In the first study, we randomly selected a list of genes with
high correlation scores and performed a NetworkAnalyst analysis. This analysis
revealed common transcription factors between SCAF1 and other genes, providing
evidence of shared regulation. Additionally, we identified a larger regulatory
network involving multiple genes based on the common transcription factors

shared between different gene pairs.
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The second validation study focused on the regulatory role of the AP-1 transcription
factor. By examining the promoter regions of genes regulated by AP-1 in mice, we
found a strong positive correlation in their human counterparts, indicating the
conservation of regulatory mechanisms. These results support the involvement of
AP-1 in coordinating gene expression across species and highlight the importance
of regulatory networks involving these genes.

In the third study, we compared our results with Hi-C and pcHi-C data. We selected
chromosome pairs 18 and 19 which have opposite spatial positing in the cell
nucleus. Chromosome 18 is found towards the periphery whereas chromosome 19
is found towards the centre. We observed that there is a significant enrichment of
high gene correlations in both the Hi-C and the pcHi-C contacts bins that have
genes. The genes also have a high abundance of the CTCF binding motifs which
are reported to be a marker of the TAD boundaries. This validates the spatial
conservation of functionally relevant gene promoters and the potential regulation
by common factors. These highlight the potential of our approach to uncover
functional connections within the genome. The dataset generated from our analysis
serves as a valuable resource for validating known gene networks and generating
predictions for novel gene regulatory interactions.

This study contributes to our understanding of gene regulation and the coordination
of gene expression across chromosomes. The observed patterns of motif
distributions and promoter correlations provide valuable insights into the regulatory
landscape of the genome and the potential coordination among genes. This study
sets the stage for further investigations into the intricate mechanisms governing
gene expression and coordination in the genome.

Overall, our comprehensive analysis of motif distributions and promoter
correlations has revealed important insights into the regulatory landscape of the
genome and the coordination of gene expression across chromosomes. The
presence of consistently overrepresented motifs, independent of the ATGC
content, suggests the existence of underlying regulatory mechanisms influencing
the distribution and conservation of specific DNA motifs. The increasing refinement
of motif patterns with larger motif sizes underscores the potential functional
significance of these motifs in gene regulation.

The examination of promoter regions has provided valuable insights into shared

regulatory mechanisms and potential interactions among genes across different
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chromosomes. The observed higher correlations between certain chromosome
pairs suggest the involvement of common transcription factors that influence the
regulation of multiple genes. Notably, the absence of overlapping gene promoters
in specific chromosomes indicates the influence of structural rearrangements, such
as Robertsonian translocations, on gene promoter interactions and correlation
patterns.

The validation of our promoter scoring metric through three distinct case studies
has further confirmed its reliability and usefulness. The comparison with Hi-C data
revealed spatial conservation of functionally relevant gene promoters and the
potential regulation by common factors. NetworkAnalyst analysis identified
common transcription factors between genes with high correlation scores,
indicating shared regulation and the presence of larger regulatory networks. The
conservation of regulatory mechanisms in the promoter regions of genes regulated
by the AP-1 transcription factor reinforces its importance in coordinating gene
expression across species.

In conclusion, our study advances our understanding of gene regulation and
highlights the coordinated expression and regulation of genes across
chromosomes. The observed motif distributions and promoter correlations provide
valuable information for future studies exploring gene regulation and predicting
gene regulatory networks. The generated dataset serves as a valuable resource
for validating known gene networks and uncovering novel gene regulatory
interactions. Further investigations into the intricate mechanisms governing gene
expression and coordination in the genome will enhance our understanding of the

complex regulatory processes underlying cellular functions.
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Chapter 5

Motif-associated gene networks

+ Finding gene associations across chromosomes

« Establishing gene associations for a single gene of interest

¢ Generating a network of multiple genes based on motif abundance
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5.1 Introduction:

A gene network is representative of a collection of genes and the associations between
them based on different parameters®. These networks help us identify the regulatory
mechanisms and the molecular interactions that control cellular functioning. The
currently updated reference assembly (T2TCHM13) of the human genome has
annotated 63,494 genes'%85. It is essential to have tools that classify the genes and
find connections between genes based on how they are regulated by the protein
binding partners. Looking at the sequence information in the genes or the gene
promoter alone does not give information about the binding sites for proteins. This is
because specific recognition by proteins occurs at a resolution of 5-6 bps. Using the
sequence information from the promoter regions of the genes, we computed the
observed to expected (OE) ratio of motifs across all gene promoters. We used the
motif vector of the OE ratios to generate a correlation score that establishes the degree
of association between a gene pair. We generated a database of these correlation
scores. Our server Motif Associated Gene NETworks in Chromosomes, used the
correlation score from the database to generate gene networks across different

chromosomes (figure 5.1).
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Figure 5.1: Schematic showing the working of the MAGNETIC webserver

The MAGNETIC algorithm looks at the promoter regions of the different annotated

genes of 1,2 and 6kbps upstream of the transcription start site (or gene promoters)
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and looks at the abundance of different 5 and 6-mer motifs in these regions. Based on
the similarity of motif abundances in the promoter regions, a correlation score is
computed to associate them. The correlations are obtained for motifs of sizes 5 and 6
in the promoter regions 1,2 and 6kbps upstream of gene start site. In general, any
gene pair across different chromosomes are connected at a different correlation score.
A high positive correlation score (>= 0.5) between a gene pair indicates the confidence
of the connection based on the repeated occurrence of the same motif (or group of

motifs).

The webserver can be used for four purposes: 1) For a query DNA motif, find the genes
promoters where the motif is abundance is high 2) For a given gene of interest, find
all the genes associated with it across different chromosomes (including the genes in
the same chromosomes) 3) For a given query gene list, establish a network of gene
connections across chromosomes 4) For a given chromosome pair find the genes that
share similar motif distribution. All of the above data is generated based on the

correlation of the motif vector in the promoter regions across different lengths.
5.2 Methodology:

The MAGNETIC server generates a network of genes using the abundance of motifs
in the promoter regions of the genes. Using this information of motif abundance, we
have a pre-computed database of all annotated gene correlations, which is used to
generate the network. The calculations for correlations are done based on two
parameters: 1) promoter size and 2) motif size. The correlations between all possible
gene pairs annotated for a given organism are pre-computed in our database for
promoter sizes 1kbps, 2kbps and 6kbps of motif vector resolutions of 5- and 6-mer.
The heatmaps, graphs and networks in the webserver are designed using the D2.js

module of the JavaScript library. The web framework is designed using Django?®®.

5.3 Program overview:

5.3.1 Input:

The webserver is freely accessible at http:/cospi.iiserpune.ac.in/magnetic without login

requirements. The first step will be the selection of the organism of interest by the user.
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Following the selection of the genome of interest, the user will be directed to the
options of generating single gene or multiple gene networks. The input is a single or
multiple gene name(s) in the HUGO gene nomenclature®’

(https://www.genenames.org/tools/search). In addition to the gene name, the users need

to specify the resolution and the correlation cutoff at which the gene network will be
generated. The gene resolutions for calculation of the promoter correlations are 1,2
and 6kbps when looking at the motif vectors of size 5- and 6mers. The correlation

cutoff values range from 0.0 to 1.0.

5.3.2 Output:

The web server provides three options for generating the associations between genes:
1) Getting all gene associations for a given chromosome pair based on a cutoff of the
correlation coefficient. 2) Given a gene of interest find all the genes across different
chromosomes associated with it. 3) Given a multiple list of genes, generate a gene
network across all genes in different chromosomes. The users can also get information
on the occurrence of the most abundant motifs in terms of OE ratio in the promoter
regions of the different genes (dependant on motif and promoter sizes). The user will
also get information about the common motifs with a highest OE ratios for a given

gene pair.

5.4 Server description:

5.4.1 Finding motif abundances across genes:

The MAGNETIC server allows the user to find the motif abundances across different
genes. The user gives a query motif of size 5 or 6 and on selecting the promoter
resolution the webserver generates a table of the count of genes across different
chromosomes that have the motif in the different OE ranges. On mentioning the lower
and the upper ranges of the OE scores, the list of genes information along with the OE
scores is displayed on a table. The table displays only 20 genes but the remaining
genes can be downloaded as a .csv file. For example, in figure 5.2 for query gene
TATAT the genes 11 genes that have OE values in the range of 35 to 42. This option
will help the user to identify genes promoters harbouring a query motif.
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Figure 5.2: A snapshot of the server showing the distribution of OE ratio of query motif across
different genes where the query motif is present in high abundance. The red boxes with labels
highlight the significance of each section of the server.*

5.4.2 Establishing gene associations for a single gene of interest:

The MAGNETIC server allows the user to look for all gene associations given a query
gene of interest across all chromosomes. Given a query gene, at a selected resolution
of the gene promoter region and motif size, MAGNETIC retrieves all the genes that
are reported in our pre-computed database of correlations to be associated with the
gene above a given cutoff. An example of showing gene associations using the server
for query gene CDK9 is shown in figure 5.3. CDK9 is a gene encoding cyclin
dependant kinase 9 which is involved in the regulation of protein kinases and is
involved in the regulation of different biological pathways®. We used a cutoff of 0.9 to
find the genes associated across all chromosomes. CDK9 is located in chromosome
9 (highlighted in green in figure 5.3). Four genes from chromosome 9 are associated
with CDK9. Genes from other chromosomes are also associated. Seven genes from
chromosome 1 also share a correlation of 0.9 and above with CDK9. One of the genes
Wnt4 is a member of the WNT protein family, which is known to regulate the
differentiation of cells during embryogenesis and adult homeostasis®®. The two genes
also share a high abundance (OE > 15) of the 7 common 5meric motifs in the promoter
region upstream of the gene start site (figure 5.3). The associations established by
MAGNETIC also confound the previously reported findings of the role of kinases in the

Whnt signalling pathway®°.
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Figure 5.3: A snapshot of the server showing gene associations for a given query gene. Panel a
shows the submission of the query using the option in the server. Panel b shows the number of
genes per chromosome associated with the query gene. Panel c shows the number of genes per
chromosome associated with the query gene. The gene connections above the given cutoff are
shown. The different colours for a gene represent the chromosome the gene is located. Panel d.
Shows a table of motifs with the highest OE for a highlighted gene association (WNT4). The
motifs are followed by the OE ratio in brackets. The motifs highlighted in red are the common
high-scoring motifs for the selected gene pair.*

5.4.3 Generating network of multiple genes based on motif

abundance:

The MAGNETIC web server can also be used to find correlations between a query
gene list using the third option of “Multi gene promoter networks”. Based on the
resolution of motifs and promoter sizes, the correlation values are extracted from our
database. An example case of generating a gene network using three query genes
ADGRL1 (Adhesin g-protein coupled receptor 1), CDK9 (Cyclin dependant kinase 9)
and IL1A (Interleukin 1 alpha) is shown in figure 5.4. ADGRL1 is characterised as
adhesion G-protein coupled receptor that is reported to be involved in synaptic
development, maturation and activity®®. Interleukin 1 alpha belongs to interleukin 1
family and is involved in the inflammatory and the regulation of immune response®.
On submission of the query genes, the user gets the correlation information of query
genes (as shown in panel ii of figure 5.4). Following the matrix, the user can opt to see
the individual connections for all the genes at the selected cutoff to find the overlap of
gene connections among the query gene list (figure 5.4 panel iv).
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Genes ADGRL1 CDK9 IL1A
ADGRL1 1 0905 0.056
CDK9 0.905 1 0.056
IL1A 0.056 0056 1

|

il Correlation between query genes
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individual connections

Figure 5.4: A snapshot of the server showing a multiple-gene network. The different panels
labelled in red boxes highlight their function. The gene names in bold represent the query genes.*

Using the multiple gene network option of MAGENTIC webserver, we generated a
gene network using the query genes. The user can obtain the motif with highest
abundance across all the three gene promoters at different resolutions of promoter
size. The user can also retrieve the common genes that are share high correlation
across all or a single query gene. At the given cutoff criteria of 0.9 we observed that
all the genes share an association based on the motif abundance. From network
analyst®® we cross verified the presence of a shared transcription factor SP1 between
the three genes. The role of SP1 and the common transcription factors between
ADGRL1 and CDK9 have been discussed in details in section 4.3.4. ILA1A shared
common transcriptions factor E2F1 with ADGRL1 and NFKB1 with LPHN1. The
MAGENTIC server also gives the user the other gene associations that overlap with
the query genes at the given cutoff.

5.4.1 Finding gene associations across chromosomes:

The MAGNETIC server allows the user to look for all gene associations across all
chromosomes The gene associations are determined by a correlation score for a given
gene pair. The number of connections between gene pairs is determined based on the
cutoff score given by the user. For example, for a cutoff of 0.9, and a resolution of
promoter size 1kb and motif size Smer we obtain maximum connections between

chromosomes 13,14,15, 21 and 22. On clicking the cell corresponding to the
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chromosome pair, the user will be directed to download the detailed correlations of all

the gene pairs between the two chromosomes at the selected cutoff (figure 5.5).

Gene Connections Based On Chromosome Pair

ii. Heatmap scale
showing the
number of gene
pair correlations
above 0.9

i. Correlation cutoff
for which the
heatmap of the
number of gene pair
associations will be L]
displayed

il Clicking on the cell
will download the
genes between the
corresponding
chromosome pair that
have correlation
above cutoff.

Figure 5.5: A snapshot of the server showing the heatmap of the number of gene-pair
correlations above a cutoff of 0.9 across all the chromosome pairs. The colour scale varies from
green to yellow to red. The darker the shade of red, the more the number of connections between
a given chromosome pair. The red boxes with labels highlight the significance of each section of
the server.*
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Chapter 6
Role of motif clustering in chromosome

positioning

o Distribution of LAD-ILAD regions across different chromosomes

« l|dentification of motifs enriched in LAD and iLAD regions

« Motifs enriched in LADs are AT rich

« Identification of evolutionarily conserved motifs enriched in LAD and iLAD

regions

¢ Prediction of LAD-ILAD regions using Hidden Markov Model

« ldentifying protein targets associated with LADs
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6.1 Introduction

The human cell nucleus comprises 46 tightly packed chromosomes of various
genomic sizes and gene densities folded in different scales. The packing of the
genome in the 3D space is a non-random event. The early work of Carl Rabi and
Theodor Boveri proposed the concept of chromosome territory (CT). This
demonstrated how chromosomes follow a definite spatial positioning radially (i.e.,
centre-to-periphery) enabling sequestering specific chromosomal domains to the
nuclear envelope®*. Later on a landmark in the field of genome architecture was the
work of Thomas Cremer which provided compelling evidence backing this concept®®.
This mapping of the CTs inside the cell nucleus is aided by numerous factors that
involve the participation of sub nuclear compartments involving chromatin-chromatin
interactions and other nuclear proteins. One such key player in the closest vicinity of
the interphase chromosome is the nuclear lamina (NL) lining the inner nuclear
membrane (Eigure 6.1a). The nuclear lamins constitute the major component of the
NL8,

Lamins are type V intermediate filaments (IFs) that form a mesh-like structure beneath
the nuclear envelope. Like other IFs, they have a short globular N-terminal (head)
domain, a coiled a-helical rod domain and a carboxyl-terminal tail domain (figure
6.1b)%". Based on the biochemical nature and structure, lamins have two major
isoforms: Lamin A and B. While the A-type lamins have a neutral isoelectric point, the
B-type lamins are more acidic®®. The amino terminal head and the central rod domain
of both A and B-type lamins resemble each other but the A-type lamins have a unique
90 amino acid segment in their expanded carboxyl-terminal domain. The localisation
of the lamins is also different. The transient disassembly of the nuclear lamina during
mitosis leads to the solubilisation and the dispersal of the A-type lamins whereas the
B-type lamins remain associated with the membrane®®. Lamins A and C are derived
from a single gene LMNA by alternate splicing and they also show sequence similarity

up to the first 566 amino acids. Lamin C has a shorter sequence and lacks a stretch
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of 98 residues that are present in lamin A before the post-translational processing and
instead contains a carboxyl terminus of 6 unique amino acids. The other isoform Lamin
B is encoded by LMNB1 and LMNB2. The CAAX box, which on farnesylation targets
the Lamins to the inner nuclear membrane is present in lamin A, B1 and B2 but absent
in C. The localization of the lamin A/C isoform differs from the B isoform. The lamin A
is also found in the nucleoplasm and the lamin found in the periphery, i.e., close to the
nuclear envelope differs from the nucleoplasmic lamins. The nucleoplasmic lamin A is
suggested to be less polymerized and possesses more solubility which accounts for
the more dynamic nature of the lamin A isoform compared to the lamin B isoform which
is immobile and restricted to the outer lamina'®. The difference in the farnesylation is
one of the factors responsible for the localisation of the lamins. The B-type lamins
contain a stable C-terminal farnesyl modification, which promotes its anchoring to the
membrane. On the other hand, A-type lamin is transiently farnesylated and they are

also found in the nuclear interior. although the real reason is unclear®191,
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Figure 6.1: Schematic representation of the nuclear organization in eukaryotic cells and the
structure if lamins. Panel a. is a schematic of the nuclear boundary and the lamina associated
domains adapted from [*]. The different colour chromatin represents each chromosome
territories. Panel b. is a representation of the general structure and domains in different types of
lamins.

While it is known about the important sub-nuclear components responsible for the
genome organization, it is essential to know what links the lamina and the chromatin.
Because of its proximity to the chromatin, it is likely that the lamins would interact with
the chromatin. LMNA mutations resulting in various laminopathies are known to alter
the lamina and chromatin interaction and also alter the chromosome territories'%?,
Various experimental techniques identify the regions of interaction between the

proteins of interest and the chromatin. One compendious and far-reaching method of
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establishing the protein-DNA interactions of the lamins at a genomic scale is the DNA
adenine methyl transferase identification (DamID)31093.104_ This technique exploits the
possibility of adenine methylation in prokaryotes which is absent in eukaryotes. The
principle behind DamlD is the expression of a protein of interest (in this case lamin) to
E. Coli Dam which interacts with chromatin. On being tethered to the protein of interest
Dam transfers a methyl group to the GATC sequence in the closest proximity to the
binding chromatin region. Dpnl, the methylation-sensitive restriction endonuclease,
fragments the genomic DNA in contact. The sequences can be amplified by PCR and
detected by array-based or sequencing methods to generate a chromatin profile 105106,
Such genomic regions binding to the lamins are referred to as the lamina-associated
domains (LADs). The LADs are cis-acting sequences that have a resolution of ~0.1-
10Mb. This LAD signifies a specific interaction of the lamina with the genome and it is

important to identify the nature of the genomic sequence associated with the LADSs.

The discovery of the LADs and the binding protein partners of the lamins have
expanded their potential role in the regulation of chromosome territories, positional
gene silencing transcriptional regulation and other diverse functions directly or
indirectly linked with the nuclear lamina. The LADs are reported to have a higher
occurrence in the CTs that have a peripheral position °*. This work aims to understand
in detail the key players in the LADs by identifying the sequence motifs. The signature
motifs are at a resolution of 5-6 bases which is a much higher resolution than the
reported experimental data. The characterisation of the LADs to identify the
overrepresented motifs was done in different cell types in different organisms and the
trend observed was consistent. The nature of the motifs obtained was AT-rich which
is in agreement with the previously reported data that the constitutive LADs are AT-
rich. To evaluate the evolutionary significance of these motifs, we have also repeated
this analysis for different organisms, including mice and drosophila. By comparing the
motif patterns across different organisms, we can identify motifs that are conserved
across species and may play a conserved functional role in nuclear organization and

gene regulation.

We used this information on the occurrence of different motifs of sizes 5 and 6 bps
were used to train a hidden Markov model. The prediction of this mathematical model
will help in distinguishing the LAD regions from the inter-LAD (iLAD). Identifying the
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key player and a method of prediction of the likely lamin binding sites will be the
prerequisites for understanding in detail the role of DNA protein interactions in
chromosome positioning. This will give detailed insight into the molecular mechanisms
behind laminopathies and other human diseases linked to lamina proteins and
perhaps their possible cure. Overall, our approach provides a systematic and
guantitative way to identify motifs that are enriched in the LAD regions and may have
functional significance in regulating gene expression and nuclear organization. The
analysis is highly scalable and can be applied to different organisms and different
types of genomic data, making it a valuable tool for studying the role of nuclear

organization in gene regulation and genome function.

6.2 Methodology

6.2.1 Demarcation of LAD and iLAD regions from experimental
data:

To demarcate the LAD and the region interspacing the LAD (which we refer to as
interLAD or iLAD), we establish a boundary between the two regions. We obtained the
DamlID data available under GEO Accession number: GSE69841%%7. The contacts
from the DamlID data are at a resolution of 100kbps. For every 100kbps bin the data
stores the single cell-wise contacts (for 118 cells) with the nuclear lamina. We looked
at the LAD coverage at different contact frequencies. Contact frequency is defined as

the proportion of the 118 cells that show a positive contact score in a 100kb bin.

Number of cells with positive score in DamID data
118

Contact Frequency (CF) =

118 — CF

CF cutoff = 118

We demarcated the chromosome into LAD and iLAD regions based on the CFs in
each 100kbps bin. Those regions in the chromosome where the contact frequency is
above the cutoff are defined as LADs and the rest of the chromosome is defined as
iLADs.
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6.2.2 Mapping motifs in the chromosome and comparing

distribution in LAD vs iLAD regions:

We positioned the occurrences of all possible combinations of 5 or 6meric motifs by
brute force defining them as the motif vector. The motif vector of motifs of length k will
have 4% combinations because of 4 possible bases A, T, G.C. The position index of all
the individual motifs in the motif vector was obtained using a pattern searching
algorithm (naive string search) and stored in a .json file (dictionary with key as motif
and list of positions as values) for each chromosome. To obtain the abundances of the
motif in the LAD to iLAD regions we used a metric called the LAD to interLAD ratio
(LIR). LIR is the normalized count of motifs in LAD to the interLAD region. The
normalization was done according to the LAD coverage at the given contact frequency

cutoff.

) ] Normalized motif count in LAD
LAD to iLAD ratio(LIR) =

Normalized motif count in iLAD

Count in LAD/iLAD
LAD/iLAD length in Mbps

Normalized count =

The LIR was used to get descriptive statistics of motifs for sizes 5-6 across the different

chromosomes in the organism of interest.

6.2.3 HMM- Viterbi prediction of LADs and iLADs:

We designed a two-state Hidden Markov model to predict and distinguish a LAD from
an interLAD region given a genomic sequence of interest. To find the most likely
sequence of hidden states, we employed the Viterbi algorithm, which is a dynamic
programming algorithm used to find the optimal path of hidden states given a
sequence of observations. The algorithm works by recursively computing the
probability of each possible next hidden state, based on the probability of the current
hidden state and the transition probabilities between hidden states. The algorithm
generates a matrix of probabilities for each set of observations in a hidden state. We
then select the hidden state with the highest probability and use it to update the most

likely sequence of LAD and iLAD states.
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In our approach, we used the observation sequences obtained from the window-wise
reading frame of the genome, with the window size corresponding to motif sizes 5 and
6. To train the model, we randomly selected 7 chromosomes (chromosomes 1, 3, 9,
12, 15, 17, 18) from the human chromosome dataset to create a training set, ensuring
that there was no bias towards a LAD-enriched or iLAD-enriched chromosome. The
starting probability is considered to be 0.5 (equal probability of selection of LAD or

ILAD states) The Viterbi predictions were calculated using the following parameters:

States : {LAD,iLAD}
Observation window : {Motif;, Motif,, Motif; ....... Motify_i+1}
Motif size : k
Length of sequence : N
Number of reading windows : N —k +1

TPpap-iLap
Transition Probability (TP) : TPiLap—-Lap
P LaD/iLADoLAD /iLAD

Emission probability (EP): {Motif
iLAD

LAD: 0.5
iLAD: 0.5

Starting probability (SP):{
Since the experimental dataset was at a resolution of 100kbps and the predictions
were made at a 10° order higher resolution of moving windows, we converted the
predictions made at the resolution of moving windows to a 100kbps bin using a cutoff
(n). In a 100kbps stretch, if at least n moving windows have a prediction of LAD states

then the entire 100kbps stretch will be considered as a LAD and vice versa.

6.2.4 ldentifying protein binding partner(s) for the LAD enriched

motifs:

A dataset of all the interactors of Lamin B1 was obtained using String database!°8.
The shortlisting of the candidates for the dataset was done using experimental data,
co-expression patterns and literature-based text mining. The results were further
shortlisted to ones which have a structure available in the PDB. In case of

unavailability of their structures from PDB the Alpha fold1°%'® models were used.
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JEDII (Juxtaposition Enabled DNA interface Identifier) was used to superimpose the
guery proteins with the optimal protein-DNA structure from the database. JEDII is a
template-dependant algorithm that studies the DNA-—protein interface to identify
hydrogen bond donor-acceptor pattern similarity with the database of template
structures?. The information of the hydrogen bond donor-acceptor atoms to align the
guery and the template is done using CLICK&1 The best model is selected based
on the query overlap percentage, calculated as the number of donor and acceptor
matches between the query and template proteins relative to the total number of
donors and acceptors in the query protein. DNA-binding residues are identified as
amino acids within 4 A of any DNA atom, and the DNA sequence from the template is
predicted as the binding sequence for the query protein. This methodology, named
Juxtaposition DNA-binding Interface Identifier (JEDII), has been validated using the
PDNA-285 dataset and other benchmark datasets. DNAproDB!?113 was used to
extract the features of interactions of the DNA consensus from the best-fit template
with the query protein. The hydrogen bond information of the query protein with the
consensus was used to compare with the shortlisted motifs based on LAD-ILAD

distribution.

6.3 Results

6.3.1. Distribution of LAD-iLAD regions across chromosomes:

From the DamID data, we extracted the contact frequency for the 100 kbps bins and
obtained the LAD coverage at different thresholds of contact frequency. At different
CF cutoffs, we plotted the distribution of the LAD coverage of the chromosome (figure
6.2). From the ranges of LAD coverage of different chromosomes at different
thresholds, we established a CF cutoff of ~60%. This signifies that only those 100kb
bins from a chromosome will considered as LADs where at least 60% of the 118 cells
establish contact with the nuclear lamina. The cutoff was chosen such that we are
neither too stringent that we miss on including the chromosomes having smaller LAD
coverage nor too lenient that the regions having low confidence of being LADs are
also considered the same. With the established cutoff we obtain the LAD coverage
across different chromosomes as shown. It is to be noted that chromosomes 8, and Y

are missing from the cell line used in the DamID dataset. We also failed to include
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chromosome 22 in our dataset with the given cutoff as no 100kbps genome stretch
established contact above the contact frequency. At the established cutoff the
chromosome with the highest and the smallest LAD coverage is chromosome 4 and
19 respectively (figure 6.3).

We also wanted to look at the gene density of different chromosomes at the
established LAD coverage if there is a direct correlation. The gene density is
calculated as the number of genes per Mbps of a chromosome. Chromosome 19 has
the highest gene density (~22 genes per Mbps) and chromosome 18 has the lowest
(=3 genes per Mbps)®. Our analysis shows that at the established LAD and iLAD
boundaries in different chromosomes there is a direct negative correlation with gene
density (Pearson correlation coefficient -0.68) (figure 6.4). That is chromosomes with
high LAD coverage have low gene density and vice versa. This is in agreement with

the literature that LAD regions do not overlap with genic regions.

Distribution of LAD vs iLAD cover in Chr1 at different CFs Distribution of LAD vs iLAD cover in Chr2 at different CFs
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Distribution of LAD vs iLAD cover in Chr12 at different CFs
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Distribution of LAD vs iLAD cover in Chr18 at different CFs
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Figure 6.2: LAD vs iLAD coverage at different contact frequency cutoffs. The x-axis represents
the number of cells which show a contact according to DamlID data. The y-axis represents the
chromosome cover in Mbps. The blue and the red lines represent the coverage for LAD vs iLAD
respectively. Legends 1a to Tv show the plots for chromosome 1 to X.
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LAD cover in different Chromosome number
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Figure 6.3: Distribution of LAD coverage across different chromosomes at the contact frequency
threshold of 60%. The x-axis represents the chromosome number and the y-axis represents the
% LAD coverage for the individual chromosomes. The green colour bars represent the %LAD

coverage for individual chromosomes.

Gene density vs LAD cover

® Chromosome = Trendline for Gene Density with LAD cover

25 1

Gene Density
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Figure 6.4: Comparison of LAD coverage across different chromosomes with gene density. The
x-axis represents the LAD coverage and the y-axis represents the gene density across different

chromosomes.
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6.3.2. Identification of motifs enriched in LAD and iLAD regions:

We looked at the abundance of motifs of size 5 and 6 mers in the LAD and the iLAD
regions using the LAD to iLAD ratio(LIR). The metric takes into consideration the
normalized abundances of a motif in the LAD region compared to iLAD regions. An
LIR greater than 1 indicates higher occurrences in the LAD regions. Similarly, LIR less
than 1 indicates an abundance of the motif in the ILAD regions. We calculated the
motif abundances for all combinations of motifs of sizes 5 and 6 across different
chromosomes. Using a LIR cutoff of 1.2, We identified five S5mers (TTATA, ATATA,
ATTAT, TAATA and TATAT) that were overrepresented in the LAD regions compared
to the ILAD regions (Eigure 6.5a). Similarly, the nine 6mers were identified (TAATAT,
TTATAT, AATATA, ATTATA, TATATT, TATATA, AATATT, ATATTA, and TAATTA)
which had LIR greater than 1.2 across all chromosomes (Figure 6.5b). Using a similar
estimate of cutoff we identified three 5mers (CGGGA, ACGGG and CGCCG) and five
6mers (CGTTGG, GGAGCG, AACGGG, TCGTTG and CGGACG) which had LIR

lesser than 0.8, i.e. they were overabundant in the iLAD regions (Figure 6.5c and 6.5d).

We also that the motifs overrepresented in the Smeric forms are a subset of the 6mers
abundant in both LADs and iLADs.

5a.

5Smer motifs over-represented in LADs across all chromosomes
B TTATA B ATATA 1 ATTAT ® TAATA B TATAT
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5b.

6mer motifs over-represented in LADs across all chromosomes
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5c.

5Smer motifs over-represented in iLADs across all chromosomes
B CGGGA W ACGGG CGCCG
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5d.

6mer motifs over-represented in iLADs across all chromosomes
B CGTTGG M GGAGCG ' AACGGG M TCGTTG M CGGACG
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Figure 6.5: LIR of 5mer and 6mer motifs over-represented in LADs and iLADs across different
chromosomes. The y-axis represents the LIR and the x-axis represents the chromosome number.
Figures 5a. and 5b. represents the LIRs of motifs enriched in LAD regions in 5 and 6émers
respectively. Figures 5c. and 5d. represents the LIRs of motifs enriched in iLAD regions in 5 and
6mers respectively.

We additionally also looked at motif abundances using both forward and reverse
complements. We used the average LIR of motifs and their reverse complement and
then observed the abundance of motifs. We identified three pairs of 5mer motifs
(TATAT-ATATA, TAATA-TATTA and ATAAT-ATTAT) having higher abundance in
LAD compared to iLAD across all chromosomes (figure 6.6a). Similarly, five pairs of
6mer motifs (TAATAT-ATATTA, TATATA-TATATA, TATATT-AATATA, TAATTA-
TAATTA and AATATT-AATATT) in the forward and reverse complement
representation were identified to be enriched in the LAD regions (figure 6.6b). The
5mer motifs enriched (i.e. having LIR greater than 1.2) are a subset of the 6mer motif
pairs and also overlap with the singular motif representation. This confirms the
conservation of the motif pattern using the LIRs. Similarly, six motif pairs in both 5 and
6meric representations were identified to be overrepresented in the iLAD regions, with
all the motifs having a consistent LIR lesser than 0.8 across all the chromosomes
(figure 6.6¢. and 6.6d.).

102



6a.

5mer motif pairs over-represented in LADs across all chromosomes
B TATAT-ATATA B TAATA-TATTA ATAAT-ATTAT
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Figure 6.6: LIR of 5mer and 6mer motif pairs (forward and reverse complement) over-
represented in LADs and iLADs across different chromosomes. The y-axis represents the LIR and
the x-axis represents the chromosome number. Figure 6a. and 6b. represents the LIRs of motifs
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enriched in LAD regions in 5 and 6mers respectively. Figures 6¢. and 6d. represents the LIRs of
motifs enriched in iLAD regions in 5 and 6mers respectively.

We also looked at motif representations at 5 and 6meric forms introducing variable
positions in the motif representations. For a more generalized representation of motifs,
we computed the LIRs using a variable base (N) at different positions in the motifs and
will be referring to them as N-mers. For example, motifs: ATTAT, AGTAT, ACTAT and
AATAT in the variable representation will be represented as ANTAT. We repeated the
analysis introducing N at positions in the motifs except the first and the last position
as the bases in these positions represent the flanking sites to the specific recognition
sequences. We identified five 5mers (TTANT, TNTTA, TANTTA, TTNTA and ATANT)
having LIR greater than 1.2 across all chromosomes except chromosome 19 (figure
6.7a). For chromosome 19 we selected the motifs which have the highest LIRs in this
N-meric representation. Similarly, for 6 mers we identified two motifs (ATNATA, and
ANTATA) having LIR greater than 1.2 across all chromosomes thereby having higher
abundance in the LAD regions compared to the iLAD (figure 6.7b). Similarly, we
identified three Smeric motifs (GNGCG, CGNCG and CGCCG) all having LIR lesser
than 0.8 across all chromosomes thus having higher abundance in the iLAD regions
(figure_6.7c). For 6mers we identified three motifs (CGTNGG, CGNCGG and
ANCGGG) which had LIR lesser than 0.8 across all chromosomes except
chromosome 14 (figure 6.7d). It is to be noted in the N-mer representations these were

the three N-meric motifs which had the lowest LIR in chromosome 14.
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7b.

6mer motifs (with variable positions) over-represented in LADs across all chromosomes
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Figure 6.7: LIR of 5mer and 6mer motifs with variable positions (N-mers) over-represented in
LADs and iLADs across different chromosomes. The y-axis represents the LIR and the x-axis
represents the chromosome number. Figure 7a. and 7b. represents the LIRs of motifs enriched in
LAD regions in 5 and 6mers respectively. Figures 7c. and 7d. represents the LIRs of motifs enriched
in iLAD regions in 5 and 6mers respectively.

From the LIRs across all different representations, we saw the motif pattern being
conserved and the 5meric motifs are a subset of the 6meric motifs which are

overrepresented in the LAD as well as the iLAD regions.
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6.3.3. Motifs enriched in LADs are AT-rich

The conserved 5 and 6meric motifs overrepresented in LAD and iLAD regions showed
a preference for the AT-rich motifs in all the different representations. Similarly, the
motifs overrepresented in the iILAD regions showed a preference for GC richness. We
compared the GC count of a motif with the LIR to understand if there is a conserved
trend. We observed that there is a strong negative correlation between the GC count
in a motif and the LIRs. That is motifs which have higher LIRs (or are overrepresented
in the LAD regions) have less GC count (and vice versa). The trend is consistent for
6mers. Both 5 and 6 mer motifs enriched in LAD's low preference for GC richness
(PCCis -0.91 and -0.89) respectively (figure 6.8a and 6.8b). This is in agreement with

previously reported data that the constitutive LAD regions have a higher occurrence
of AT-rich isochores. Our observation of the motif abundances is in agreement with

the reported data.

8a.

GIC Countin 5mers vs LIR
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8b.

G/C Count in 6mers vs LIR

® LIR = Correlation R* = 0.8

LIR

GC Count

Figure 6. 8: Scatterplot of comparison GC count in motifs vs the LIRs. The y-axis represents
the LIR and the x-axis represents the GC count of the motifs. The trendline is shown in red
and the blue colour represents each motif data point. Figures 8a and 8b show the scatterplot
for 5 and 6mer respectively.

6.3.4. Identification of evolutionarily conserved motifs enriched in
LAD and iLAD regions:

We obtained a similar interaction dataset of lamina and chromatin interactions for other
organisms to see if there is any conservation of the pattern of motifs overrepresented
in the LAD vs iLAD regions. We obtained the DamID dataset for three different cell
types in mouse 4 and Drosophila!®. Both the DamID datasets obtained captured the
interaction of different chromatin segments with lamin B in mouse and LAM (only B-
type lamin) in Drosophila. It is to be noted that the resolution of the chromatin contacts
for both mouse and Drosophila were of a lower resolution (0.25~0.5Mbps for mouse
and 0.5~1.5Mbps for Drosophila) compared to the human DamID dataset in our study
(~0.1Mbps). We calculated the LIRs for three cell types in mouse (mouse embryonic
fibroblasts (MEF), embryonic stem cells (ESC) and mouse astrocytes) and Drosophila
Kc cells. All the different cell types in mice show a conserved overlap of the LIR ratios
for the constative motifs, thereby confirming the conservation of motif pattern and
identification of the constitutive LADs or the cLADs!'6, which remains conserved
independent of the cell type. The LIRs in mouse for all the motifs follow the same
trend compared to its human counterparts (figure 6.9). The analysis suggests that

enrichment of the motifs in LADs are conserved evolutionarily. The list of evolutionary
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conserved motifs which have more occurrence in the LAD regions compared to the
iLAD regions across all organisms and cell types can be found in table 6.1.
Comparison of motif distribution in LADs vs iLADs across different genomes

= Human -- Mouse MEF + Mouse Astrocytes — — Mouse ESCs = Drosophila

2.0

LIR

0.0

5mer motif datapoints

Figure 6.9: Distribution of LIR for different 5mers across different species. The red, black, yellow,
green and blue lines represent the LIRs for human, mouse MEF cells, mouse astrocytes, mouse
ESCs and Drosophila respectively. The y-axis represents the LIRs and the x-axis represents the
1024 5mer motif data points.

Table 6.1: List of evolutionary conserved 5 and 6mer motifs with an overabundance in LAD
regions (high LIRs) across different species and cell lines.

Conserved 5mer motifs Conserved 6mer motifs
AATAA AATTTA
AATTA ATAATA
ATAAT ATATAT
ATATA ATTAAT
ATTAA ATTATA
ATTAT ATTATT
TAATA TATATA
TAATT TATTAT
TATAT
TATTA
TTAAT
TTATT
TATTT
TATTT
TCTAT
TTTTA
ATTTT
AAAAT
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6.3.5. Prediction of LAD - iLAD region using Hidden Markov model:

We used the LIRs of all 5 and 6 meric motifs to train a Viterbi implementation of the
Hidden Markov model to predict the LAD and the iLAD states given a genome
sequence. Our model reads the input genome sequence in windows of size 5 and
6mers and predicts two resolutions: a) Prediction based on each moving window and
b) Prediction at 10kbps and 100kbps stretches. The experimental results are of the

resolution 100kbps.

For moving window-wise prediction, we read the genome in window size
corresponding to the motif size. We obtain the emission probabilities(EP) and the
transition probabilities (TP) from the 7 chromosomes in the training dataset. We
selected 7 chromosomes randomly to train the HMM. The 7 chromosomes in the
training dataset are chrl, chr3, chr9, chrl2, chrl5, chrl7 and chrl8. The remaining
chromosomes were included in the testing dataset. The average MCC (training and
testing set combined) for the window-wise prediction is around ~0.2 (table 6.2) for both
motif sizes 5 and 6. It is to be noted that the results for the experimental data for
comparing our prediction results are in the order of 100kbps which is 10°times lower
than our prediction. We converted the experimental data (captured by DamiID) for

100kbps LAD bins to window-wise resolution.

As a control, we compared the performance of the model using the EP of individual
bases (ATGC). The TP remains unchanged. The model underperforms compared to
the motif window-wise prediction in both terms of MCC and accuracy (table 6.2). Thus,
just the base frequency is not sufficient for the determination of the LAD or the iLAD
orientation, rather the specific combination of bases in terms of motifs is a better metric

of prediction.
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Table 6.2: HMM performance for moving windows at different resolution

Resolution MCC Accuracy

Moving window A/T/G/C 0.19 63.05%

Moving window 5mer 0.20 63.26%

Moving window 6mer 0.22 63.01%

10kb bin wise prediction (using 5mers) 0.28 68.51%
100 kb bin wise prediction(using 5mers) 0.36 73.73%
10kb bin wise prediction (using 6mers) 0.29 69.05%
100 kb bin wise prediction(using 6mers) 0.38 74.19%

The second method of prediction at the same resolution as that of the experimental
data had an additional step. We converted our window-wise prediction to 10 and
100kbps resolution. We combined the prediction for each position to 10 or 100kbps
bins and established a cutoff to categorize the entire bin as LAD or iLAD. We
established an optimum cutoff of 70% i.e. at least 70% or more of the positions in the
bin of interest have a prediction of being a LAD to define the entire bin as LAD. We
observed that the prediction model performs better both in terms of MCC and accuracy
for both 5 and 6-meter motif resolutions. The model performs best at 100kbps
resolution (same as that of the experimental predictions) when reading the genome at
a window size of 6meric motifs with MCC and accuracy of 0.38 and 74.19%

respectively.

Additionally, we also tested the performance of the model using 100 shortlisted motifs
which are conserved in the LAD and the iLAD regions (50 LAD enriched and 50 iLAD
enriched motifs). We observed that the model performed better with respect to all
metrics (table 6.3). These motifs can be further studied in identifying the protein
binding targets of the LADs (or iLADS)
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Table 6.3: Summary of all metrics for HMM prediction of LAD-ILAD states

Sensitivity | Specificity | FPR FNR MCC Accuracy | Precision
All motifs (5mer) 0.74 0.61 0.39 0.26 0.36 0.74 0.59
Shortlisted motifs 0.6 0.83 0.17 0.4 0.44 0.73 0.77
(5mer)

6.3.6. Identifying protein targets associated with LADs:

Using the STRING database, we obtained 32 proteins that have reported protein-
protein interaction with Lamin B1. The structures of the shortlisted proteins were
obtained from PDB and Alpha fold. The 8 and 14 of the shortlisted proteins had a
localization reported in the nuclear envelope and the nucleus respectively. The other
proteins have reported localization in the cytoplasm endoplasmic reticulum and the
extracellular membrane. The JEDII was used to find the template structure with there
is best overlap with the query proteins. The consensus was obtained and compared
to our shortlisted motifs. 13 out of 32 of the query proteins showed complete overlap
with our shortlisted motifs. The motifs of 5 and 6 mers were obtained from the
consensus by looking at the hydrogen-bound bases of the template DNA with the
guery protein (table 6.4). These proteins are likely to be the targets for specific

interaction with the abundant motifs in the LADs.
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Table 6.4: Shortlisted protein targets that are interacting with Lamin B1 based on LAD. The

proteins highlighted in red are the ones which show overlap with shortlisted motifs.

Serial
Number Query Protein Query PDITemplate PDE Structural Overlap RMSD (A) Consensus
1 Human Barrier to Autointegration Factor (BAF) 1ci4 2bzf 100% 0.76 GTGGAGG
2 Human Cyclin Dependant Kinase 2 lelx 1jko 93.48% 2 TGTTTTTGGTAAGA
3 Importin Subunit Beta-1 159 1ji6 89.36% 2.21 ATCTTATCAAAAAC
4 Granzyme B liau 4dii 93.01% 1.31 GGTTGGTGTGGTTGG
5 Catenin beta-1 1jdh 1jko 95.65% 2.09 TGTTTTTGGTAAGA
6 Caspase-3 1nms 1tc3 94.12% 2.22 AGGGGGGGTCCTATAGAACTT
7 Caspase-6 2wdp 1jko 93.48% 2.01 TGTTTTTGGTAAGA
8 Caspase-8 1gtn 1tc3 94.12% 2.2 AGGGGGGGTCCTATAGAACTT
9 Caspase-9 1nw9 lher 92.31% 2.18 TGTTTTTGATAAGA
10 LIM domain only protein 7 2eaq 3uép 74.16% 2.23 GGTAGATCCCGAC
11 FH1/FH2 domain-containing protein 1 3dad 1jkg 95.65% 2.05 TGTTTTTTATAAGA
12 Chromobox protein homolog 3 3kup 1wdO 80.30% 1.91 CCTATATAGG
13 CAAX prenyl protease 1 homolog 5syt 1jkp 85.11% 2 TGTTTTTGAGAAGA
14 Cyclin-dependent kinase 2 5uq2 1jj6 93.62% 2.06 ATCTTATCAAAAAC
15 Telomeric repeat-binding factor 1 5wir 1ji8 93.88% 2.19 TTTTGATAAG
16 LEM Domain of Emerin 6ghd 2bzf 100% 0.56 GTGGAGG
17 MBD domain of Methyl-CpG-binding protein2  60gj 5bt2 100% 1.08 ATAGAAGAATTCGTTCCAG
18 Histone-lysine N-methyltransferase setd3 60x3 lig7 89.66% 2.06 CACTAATTGAAGG
19 Lamin binding SUN domain-containing protein 1 4dxr Iwtq 85.94% 2.23 ATCTTATCAAAAAC
20 Lamin binding SUN domain-containing protein 2 4dxt Iwdl 85.94% 2.09 CTACGTAGG
21 Bromo1l domain of Bromodomain-containing pro’ 7rjn 1jkr 91.30% 2 TGTTTTTGACAAGA
22 Bromodomain-containing protein 4 7rjr ljko 89.13% 2.05 TGTTTTTGGTAAGA
23 Guanylate Cyclase Alpha Fold 1tc3 84.31% 2.01 AGGGGGGGTCCTATAGAACTT
24 Guanylin Alpha Fold lijw 80.85% 1.97 TGTTTTTGATAAGA
25 Heat-stable enterotoxin receptor Alpha Fold 1jkr 91.30% 2.05 TGTTTTTGACAAGA
26 Lamina associated polypeptide 2 isoform alpha Alpha Fold 1nwg 58.33% 1.29 TTCCTATTGCGCAATCCAGTT
27 Lathosterol oxidase Alpha Fold 1jko 89.13% 1.94 TGTTTTTGGTAAGA
28 LEM domain containing protein 2 Alpha Fold 1tc3 88.24 2.04 AGGGGGGGTCCTATAGAACTT
29 Methylsterol Monooxygenase Alpha Fold 5Ixu 94.55% 2.28 ATGCGTATCT
30 Proline rich protein 14 Alpha Fold 5d23 55.74% 1.8 GAATCTATGTAAA
31 ZW10 interactor Alpha Fold 1nwq 55.83% 1.27 TTCCTATTGCGCAATCCAGTT
32 Histone deacetylase 3 4a69 1ji6 93.62% 2.06 ATCTTATCAAAAAC

6.4 Discussion

In this study, we attempted to characterise the LAD and the iLAD regions of the human
genome at a resolution of 5 and 6 meric motifs at a resolution where specific interaction
with protein partners occurs. We used the 100kbps resolution of the DamID data of
the genome and LaminB1 interactions'®® to study the sequence of the LADs vs the
iLADs. We established and studied the LAD coverage at different contact frequencies
and used a suitable cutoff (~60%) to generate our dataset of LAD and the iLAD regions
across different chromosomes. We observed a negative correlation of gene density
with the LAD coverage across different chromosomes. This is in agreement with
previously published reports that the chromosomal regions towards the nuclear
periphery are gene-poor vs the gene-rich chromosomes toward the interior of the cell

nucleus’.
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Our findings identify a subset of 5 and 6meric motifs in different representations (k-
mer, forward reverse complement pair and motifs using variable positions) which had
a higher preference of occurring in the LAD and the iLAD regions. These patterns of
motif occurrences were observed to be conserved across all the chromosomes. We
guantified these occurrences using our metric of LIR, where a ratio >1 suggests a
higher preference for occurrences in the LAD regions. Alternatively, LIR < 1 signifies
a higher preference for the occurrence of the motifs in the iLAD regions. The pattern
of the conserved motifs suggested a base preference based on their occurrences in
the LAD or the iLAD regions. A correlation of the base composition with the LIRs
showed that The motifs that are present in the LADs have a higher preference toward
AT composition. We observed a very strong negative correlation (PCC ~ 0.9) for both
5 and 6meric motifs. Our findings corroborate with other reports of AT preference in
the LAD boundaries.

LADs can be facultative LADs or constitutive LADs based on the prevalence and
conservation across different stages of the cell cycle. Our study focussed mostly on
the constitutive LADS where the boundaries are conserved across different cell types
and stages of differentiation during the cell cycle. Repeating our analysis on the
genome wised lamina contacts across different cell types in mouse and Drosophila
also suggested a conservation of the motif patterns evolutionarily. These findings
highlight the importance of the conservation of the motif patterns for being recognized
by their cognate binding partners thereby maintaining the transcriptional machinery of

the cell.

Having established the boundaries of the LAD and the iLAD regions and identification
of conserved motifs (both in LADs and iLADs) we further modelled a LAD-ILAD
predictor based on the genome sequence. Using the motif occurrences information,
we computed the EP sand TP from the training set of 7 randomly selected
chromosomes and our model has optimal prediction with accuracy and MCC of 74%
and 0.44 respectively. It is important to highlight the differences in the resolution of our
prediction and that of experimental datasets. The HMM predicts a resolution of a motif
window whereas the datasets available to use are of a much lower resolution of a few
100kbps. The model performs best in our shortlisted motifs (based on their preference

of occurrences in the LAD and the iLAD regions). We obtained the shortlisted proteins
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by finding interactors of Lamin B1 the and conservation of hydrogen bond donor-
acceptor pattern of the query protein using JEDII. Based on consensus binding DNA
13 out of the 32 proteins showed complete overlap of our shortlisted DNA motifs that
were used to design the HMM. Therefore, we are confident that this information will
be crucial when identifying the protein-binding partners of these LAD regions. Existing
tools to study genomes are mostly used to deny transitional activity peaks, specific
binding domains of proteins or the euchromatin and heterochromatin states. To our
knowledge, this is the first kind of predictor that is used to differentiate the genome
into LAD and iLAD regions., which can be useful when studying chromosome
organization. The novelty of the model is reading different regions of the genome at a

resolution of how proteins would identify it.

Acknowledgements

Shortlisting protein targets using STRING-based searches and JEDII was done by
Kshitij Bapat.

114



Chapter 7

Conclusions and future prospects

¢ Summary of this study

« Compute database of gene network across multiple organisms

« Comparison of gene correlations across organisms

« Motif vector correlations to phylogeny
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7.1 Summary of this study:

In this study, we have read the genome at a resolution of motifs to understand the
regulatory role that is encoded in the sequence information (figure 7.1). We
established the optimal recognition of a DNA sequence by the cognate protein binding
partners is 5-6 bases. This is established by studying the binding patch of 285 NR
DNA protein complexes. The 5 and 6-mer motif distributions are obtained as the
observed by expected (OE) ratio, which constitutes our motif vectors which were used
to study the genome sequence at different resolutions. The motif distribution differed
distinctly for the genome sequences across all the chromosomes against a randomly
generated genome. This OE ratio when compared across the whole genome or a
smaller stretch of the centromeric regions highlights a clustering within the
chromosomes. Some chromosomes are more similar compared to others based only
on the motif distribution. The motif vectors when obtained only in the centromeric
regions can classify the chromosomes based on the type of the centromeres. The
distribution differentiated the acrocentric chromosome (12,14,15, 21 and 22) from

others.

Motif distribution in genome

Chromosome
Positioning

Gene regulation

Gene ﬁ
Regulator 7
IRNYT NI\ I\ )\"S,
¢ N Gene
Promoter
indi Regulatory network Motif Model for
Finding gene T - . -
correlgtigons prediction/ identification Prediction/Validation
Validation

Figure 7.1: A schematic of the summary of the project
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We compared the motif vectors for smaller regions of the genome like the gene
promoter regions. We established a correlation score between all the annotated genes
in the human genome, by comparing the OE ratios of all the motifs. These distributions
of motifs were obtained for sizes 5 and 6-mers in regions 1kbps, 2kbps and 6kbps
upstream of the gene transcription start site. The strong correlations between gene
promoters give us insight into the shared regulatory mechanisms. The higher
abundance of the motif consensus validates their recognition by the same transcription
factor hence co-regulation. The high number of strong gene correlations (>=0.9)
between chromosomes 13,14,15 21 and 22 also points towards their role in
Robertsonian translocations. These higher structural rearrangements between the

gene promoter patterns sharing high correlations can contribute to translocations.

We validated our correlations using three case studies. Firstly, we validated that genes
across different chromosomes sharing high correlations also share common
transcription factors. The high correlations are an attribute of the high abundance of
the consensus binding motif of the common transcription factors. For the second
validation study, we obtained the correlation score for the genes that are regulated by
the AP1 transcription factor. We obtained that out of 19 genes that are reported to be
regulated by the AP1 family of transcription factors 10 genes share a high correlation
(>=0.5) among them. This suggesting correlation implies co-regulation in some cases.
For the third case study, we established that high correlation also suggests spatial
proximity. We validated our claims using Hi-C and pcHi-C data between chromosomes
18 and 19. We observed that the regions of contacts between 18 and 19 that have
genes in them have a enrichment of the highly correlated genes. Thus spatial

conservation of gene promoters also suggests potential co-regulation.

We have built MAGNETIC (Motif Associated Gene NETwork in chromosomes) a
webserver that gives the user access to all the correlations across all annotated genes.
The webserver can be used to find gene associations or generate a network of multiple
genes. These associations or networks are generated based on the distribution of
motifs across the promoter regions of the genes. The correlations can be obtained for
resolutions of 1kbps,2kbps and 6kbps upstream of the gene start site while reading a

motif of size 5 or 6.

We have extended this analysis of reading geneic regions for understating gene

regulation to chromosome positing. The nuclear boundary is made of the external
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lining of the nuclear envelope. Beneath the nuclear envelope, there is a meshwork
filamentous layer constituted by the nuclear lamina. The positioning of the
chromosomes inside the nucleus is non-random that is linked to its association with
the nuclear boundary. Certain regions in the chromosomes have a peripheral
localization, whereas certain regions are located toward the interior. The gene density
of the chromosomes and its expression depends on the localization of the
chromosomal segments. Regions of the chromosome that make frequent contact with
the nuclear lamina are referred to as the lamina associated domains (LADs). The
regions interspacing them are termed as the inter-LADs (iLADs). We identified the
motif distributions across the lamina associated domain positioning the chromosome.
We found a conserved set of motifs that differentiates the LADs from the iLAD regions
that are evolutionarily conserved across different organisms. On using this motif
information, we designed a Hidden Markov Model-based predictor of LAD iLAD
regions. The model differentiates the LAD from the iLAD regions reading the
shortlisted motifs with an accuracy of ~75% and MCC of ~0.4. These shortlisted motifs
also help us to identify the putative protein binding partners of the LADs.

7.2 Future prospects:

7.2.1 Compute database of gene network across multiple

organisms:

The thesis was based on looking at the motif distributions across the different genes
in the human genome. The study of motif distributions can be extended across
different organisms. We have generated a database of these motif OE ratios and
correlations between genes for 4 other organisms apart from the human genome. The
future work will be to study the gene network across different organisms. Currently,
we have computed the data for C. elegans, Mus musculus, D. melanogaster and S.
cerevisiae. The future aim will be to design a pipeline to generate the motif distribution
data and generate the correlations based on the motif vector across different genes
across the genome. This pipeline will be linked to our MAGNETIC server so that the

gene networks can be visualized within genomes and across genomes (figure 7.2).
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Figure 7.2: Future scope of MAGNETIC webserver incorporating multiple genomes

7.2.2 Comparison of gene correlations across organisms:

The thesis was based on looking at the motif distributions across the different genes
in the human genome. As established previously the correlations between the genes
were restricted to one genome. The future prospective of the project will be to extend
this correlation to cross-genome homologues genes. Preliminary investigations of
correlations of 13 housekeeping genes were done across humans and mouse. We
selected housekeeping genes because these genes are involved in the essential
functions of cell maintenance independent of the cell or the tissue type!!’. We
obtained the gene correlations for 13 housekeeping genes in mouse!'® and their
respective human homologues (table 7.1). The correlations between these genes
across organisms based on the motif OE in the 1kbps promoter region, range from -
0.04 (for UBC genes) to 0.43 (for B2M genes).

Table 7.1: Correlation of motif vectors in Tkbps promoters of human vs mouse genes

Gene Name Correlations

PGK1 -0.03
UBC -0.04
TTR 0.29
TBP -0.01
SDHA -0.18
RPL27 0.29
RPL13A 0.25
OTX2 0.35
HPRT1 0.25
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GAPDH 0.37
B2M 0.43
ATPS5B 0.08
ACTB 0.34

Although the correlations in none of the 13 genes are >= 0.5, there is an overlap of
motifs that have the highest abundance in the gene promoters across both the
organisms (figure 7.3). These motifs can be recognized by the same homologues
protein binding partners across the organisms hence the higher repeats. Correlations
across different organisms will help us in identifying such cases which need to be

investigated further.

Motif distribution in mOTX2 vs. hOTX2 promoter

® 5mer OE mOTX2 == Trendline for mOTX2 R* = 0.125

mOTX2 promoter

hOTX2 promoter

Figure 7.3: Comparison of motif OF in human vs mouse gene. The x and y axis shows the OF
values for human and mouse OTX2 gene promoters respectively). The region in the scatterplot
encircled in red highlights the common motifs having high OE ratios

7.2.3 Motif vector correlations to phylogeny:

We have established in the study that the abundance of motifs suggests a specific
pattern of conservation at the level of motifs. This holds true when we are looking at

smaller regions in the genome like the geneic regions or gene promoters as well as at
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the level of the whole genome. Thus this method of correlation of motif vectors can be
extended to study the evolutionary distance across genomes. A preliminary
investigation using the motif correlations across 21 different strains of S. cerevisiae.
The correlations between the strains (ranging from -1 to 1) were converted to distance
by using -1log10. This distance score was used to generate the phylogenetic tree. We
observed a trend of clustering of strains based on motif distributions across different
chromosomes (figure 7.4). These results lead to further investigations on duplications
of genome segments, how certain genome segments are translocation and the

functional significance of the regions.
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Figure 7.4: Phylogeny of different strains of yeast based on the motif distributions
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