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Abstract

There are approximately 30 trillion cells in the human body, and nearly every cell has
the same genomic sequence. Yet, due to differential gene expression, we have around
200 distinct cell types each with varying functionalities. The cell type specific states are
maintained via the binding of multiple regulatory proteins to different locations along the
genome in a process known as transcriptional regulation. Additionally, disruptions to the
transcriptional regulation process may lead to the development of disease. Hence, uncov-
ering the complex interplay of protein-DNA interactions along the genome is of critical
importance. The advent of technologies probing the genomic sequence, as well as the
development of powerful computational modeling techniques to relate DNA sequences to
molecular phenotype, has enabled the understanding of many molecular processes genome
wide. However, these computational methods require significant adaptation to biological
systems — to accurately and fully account for the biology behind the molecular processes,
as well as the biases associated with the data generating systems and processes. In this
thesis, we address three main issues that arise from the use of omics data, more specifically
ChIP-seq data, when identifying regulatory proteins along the genome. The first part of
the thesis involves the study of the biases and noise associated with ChIP-seq experiments.
Each experiment is prone to noise and bias, and as such we propose the use of a customized
set of weighted controls, instead of equally weighted controls, for each ChIP-seq experiment
in the peak calling process to mitigate the noise and bias. To do this, we implement a peak
calling algorithm, called Weighted Analysis of ChIP-seq (WACS), which is an extension
of the well-known peak caller MACS2, to incorporate the weighted controls in the peak
calling process. We show that our approach assists in a better approximation of the noise
distribution in controls, and fundamentally improves our understanding of ChIP-seq sig-
nals and their biases. Another aspect we explore in this thesis is the ability to uncover cell
type specificity of transcription factor binding from the ChIP-seq data. A transcription
factor may bind to various parts of the genome in different cell types, due to modifications
in the DNA-binding preferences of the transcription factor, or other mechanisms, such as
chromatin accessibility or cooperative binding, thus leading to a “DNA signature” of dif-
ferential binding. We develop a deep learning approach, called SigTFB (Signatures of TF
Binding) and conduct a wide scale analysis of hundreds of transcription factors to identify
and quantify the varying degrees of cell type specific DNA signatures of various transcrip-
tion factors across cell types. We also assess the consistency of cell type specificity for
a specific transcription factor when assayed by different antibodies. We show that many
transcription factors are indeed cell type specific, while others are more general with lower
cell type specificity. Finally, to further explain the biology behind a transcription factor’s
cell type specificity, or lack that of, we conduct a wide scale motif enrichment analysis of all
transcription factors in question. We show that cell type specific transcription factors are
typically associated with corresponding differences in motif enrichment and gene expres-
sion. Together, these contributions deepen our knowledge of transcription factor binding,
and how experimental and cell type specific variations can be uncovered.

i



Acknowledgments

First and foremost, I would like to thank my supervisor, Theodore J. Perkins, and co-
supervisor, Marcel Turcotte, for their ongoing guidance, expertise and support throughout
the duration of my graduate career. I would also like to thank my parents and brothers.
This would not have been possible without their unconditional love, support and constant
encouragement. Thank you for believing in me. Finally, I would like to thank members
of the Perkins lab and other OHRI members: Justin Chitpin, Ali Karimnezhad, Zeinab
Mokhtari, Hina Bandukwala, Matt Tanner, Gareth Palidwor and Christopher J. Porter.

This work was supported by the Natural Sciences and Engineering Research Council of
Canada (RGPIN-2019-06604 and RGPIN-2014-04195), the Queen Elizabeth 1T Graduate
Scholarship in Science and Technology, the Ontario Graduate Scholarship and a Com-
pute Canada (www.computecanada.ca) Resources-for-Research-Groups grant. None of the
agencies that funded this work had any role in the design of the study, in the collection,
analysis, and interpretation of data, or in writing this material.

il



Table of Contents

List of Tables viil
List of Figures X
List of Abbreviations xiil

1 Introduction 1
1.1 Overview . . . . . . . o e 1
1.2 Problem Statement . . . . . . . .. ... 3

1.2.1 Noise and Bias in ChIP-seq Experiments . . . . . . ... ... ... 3
1.2.2  Cell Type Specific DNA Signatures of Transcription Factor Binding 4
1.2.3  Motif Enrichment Analysis of Cell Type Specific Transcription Factors 5
1.3 Thesis Statement . . . . . .. ... )
1.4 Contributions . . . . . . . ... 5
1.5 Thesis Outline . . . . . . . . . ... 6

2 Literature Review 7

2.1 Biology. . . . . .
2.2 High Throughput Sequencing . . . . . . . . . . ... ... ... .. .... 9
2.3 ChlIP-seq . . . . . . . 10
2.3.1 Peak Calling . . . . ... ... 11
2.3.2  Challenges in Peak Calling . . . . . ... ... ... ... ...... 16
2.4 Representing TF Binding Specificity . . . . . ... ... ... ... ..., 16
2.5 Deep Learning in Genomics . . . . . . ... ..o 20
2.5.1 Architecture . . . . ... 21
2.5.2 Data Representation . . . . . . ... ... ... 23

v



2.5.3 Regularization . . . . . ... ..o o 25
254 Loss Function . . . . . . ... .. o 25
2.5.5 Class Imbalance . . . . . . . .. ... ... 26
2.5.6  Performance Evaluation . . .. ... .. ... ... ... ...... 27
2.5.7 Transfer Learning and Multi-task learning . . . . . . .. ... ... 28
2.5.8 Hyperparameter Optimization . . . . . . . . ... ... ... .... 29
2.5.9 Interpretation Techniques . . . . . . . ... ... ... ... .... 30
2.6 Recap of knowledge gaps . . . . . . . . ... 34

WACS: Improving ChIP-seq Peak Calling by Optimally Weighting Con-

trols 36
3.1 Author Contributions . . . . . . . . . . ... 36
3.2 OVErvIeW . . . . . . e 36
3.3 Background . . . . ... 37
34 Results. . . . . . 40
3.4.1 WACS: A new algorithm for ChIP-seq peak calling with a weighted
combination of controls . . . . . ... ..o 40
3.4.2  Algorithm 1: Derive Weights . . . . . . ... .. .. ... ... ... 40
3.4.3 Algorithm 2: Peak Detection. . . . . .. ... ... ... .. .... 43
3.4.4 Duplicate removal. . . . . . . ... .. 43
3.4.5  Average number of peaks per algorithm and average percentage over-
lap between algorithms. . . . . . . .. ... ... ... ... ... 44
3.4.6 Peaks identified by WACS are more enriched for known sequence
motifs. . . . .. 46
3.4.7 Peaks identified by WACS are more reproducible. . . . . . . .. .. 51
3.4.8 Controls used per treatment sample. . . . . . . ... .. ... ... 53
3.4.9 Validation on additional cell lines . . . . . . ... .. .. ... ... 59
3.5 Methods . . . . . . 62
3.6 Discussion . . . . ... 64
3.7 Conclusion . . . . . . .. 65



4 SigTFB: Cell Type Specific DNA Signatures of Transcription Factor

Binding 66

4.1 Author Contributions . . . . . . . . . . . .. ... 66

4.2 OVErview . . . . . . . e e 66

4.3 Background . . . . . ... 67

4.4 Results . . . . . . . 70
4.4.1 A two-step deep learning model to study the differential binding of

a transcription factor. . . . . ... ... oL 70

4.4.2 ATF7 binding shows cell type specific DNA binding signatures. . . 71
4.4.3 CTCF binding does not show cell type specific DNA binding signa-

tures. . . . . L e e 74

4.4.4 Determining the degree of the cell type specificity of the different TFs. 75

4.5 Methods . . . . . . . . 79

4.6 Discussion . . . . . ... 81

4.7 Conclusion . . . . . . . . e 84

5 Motif Enrichment and Cell Type Specificity in Transcription Factors 85

5.1 Author Contributions . . . . . . . . . . ... 85
5.2 OVerview . . . . . .. 85
5.3 Background . . . . ... 86
54 Results . . . . . .. 88
5.4.1 Determining the DNA signatures associated with cell type specificity
for ATF7. . . . . o 88
5.4.2  Determining the DNA signature associated with CTCF binding. . . 94
5.4.3 Learned motifs across TF families. . . . .. ... ... ... .... 97
5.5 Methods . . . . . . . 103
5.5.1 Feature attribution with in silico mutagensis and FIMO . . . . . . . 103
5.5.2  Filter Visualization . . . . . . . .. ... ... .. 103
5.5.3 Filter Influence . . . . .. .. ... 106
5.6 Discussion . . . . . . L 106
5.7 Conclusion . . . . . . . . L 108
6 Conclusion 109
6.1 Limitations and Future Work . . . . . .. ... .. ... 0oL 110
6.1.1 Analysis of ChlP-seq . . . . . . . . . ... ... .. 110
6.1.2  Deep Learning in Genomics . . . . . . . . ... .. ... ... .. 112

vi



A WACS: Appendix
B SigTFB: Appendix
C Motif Enrichment: Appendix

References

vil

118

128

158

162



List of Tables

3.1
3.2
3.3
3.4

3.5

3.6

3.7

4.1
4.2

Al

A2

A3

A4

A5

A6

Average number of peaks . . . . . .. ..o
Average percentage of all peaks overlapping. . . . . . .. .. ... .. ...
Average percentage of standardized peaks overlapping. . . . .. ... ...

Number of datasets out of 90 where each algorithm’s peaks show the highest
motif enrichment, compared to the other algorithms. . . . . . . . .. . ..

Number of experiments out of 45 for which each peak calling approach has
the highest reproducibility between biological replicates. . . . . . . . . ..

Numbers of datasets for which each algorithm produces peaks with the best
motif enrichment. . . . . . . ...

Number of datasets for which each algorithm produces peaks with the great-
est overlap between biological replicates. . . . . . .. ... ... ... ...

Motifs per cell line per simulated example. . . . . . . ... .. ... ....

Number of instances per cell line per simulated example. . . . . ... ...

Table for the 45 ChIP-seq experiments and their corresponding ChIP-seq
replicate samples and TFs for the K562 cell line from the ENCODE database
used in our analysis. . . . . ... Lo L

Table for the 90 ChIP-seq samples and their corresponding control samples
for the K562 cell line from the ENCODE database used in our analysis. . .

Table for the transcription factors (TFs) and their corresponding motif ID
from JASPAR for 45 ChlIP-seq experiments. . . . . . .. .. .. ... ...

Table for the ChIP-seq experiments and their corresponding ChIP-seq repli-
cate samples, TFs and controls for the A549 cell line from the ENCODE
database used in our analysis. . . . . . ... ... oL

Table for the ChIP-seq experiments and their corresponding ChIP-seq repli-
cate samples, TFs and controls for the GM12878 cell line from the ENCODE
database used in our analysis. . . . . . ... ... Lo oL

Table for the ChIP-seq experiments and their corresponding ChIP-seq repli-
cate samples, TFs and controls for the HepG2 cell line from the ENCODE
database used in our analysis. . . . . . ... ... ... L.

viil

45

7

124

125

126



AT
A8
A9

B.1

B.2

TF-AB combinations and their corresponding AUC differences (score), cell
types (CL ID) and actual ENCODE experiment used (ENCODE Experi-
ments). Refer to SI Table 2 for the cell type names corresponding to the
“CLID”. . o 128

Cell type names and their corresponding ENCODE representations. . . . . 147

X



List of Figures

2.1 Workflow of ChIP-seq analysis . . . . . . . ... ... ... ... .. .... 11
2.2 Overview of the ChIP-seq pipeline . . . . . . . . ... ... ... .. ..., 15
3.1 Flowcharts for WACS and MACS2 . . . . .. ... .. ... ... ..... 40
3.2 Flowchart for the estimation of weights per control. . . . . . . . . ... .. 42

3.3  Motif enrichment of peaks found by five different peak calling approaches in

90 ChIP-seq samples. . . . . . . . . . . .. 47
3.3 (continued) Motif enrichment of peaks found by five different peak calling

approaches in 90 ChIP-seq samples. . . . . . . . . .. ... ... .. .... 48
3.3 (continued) Motif enrichment of peaks found by five different peak calling

approaches in 90 ChIP-seq samples . . . . . . . .. ... .. ... .. ... 49
3.4 Example of precision recall curve for TF ZNF24 ChIP-seq dataset ENCFF1090WW. 52
3.5 AUPRC for the K562 treatment samples. . . . . . . . ... .. ... .... 53
3.6 Reproducibility of peak calls between biological replicates . . . . . . . . .. 54
3.6 (continued) Reproducibility of peak calls between biological replicates . . . 55
3.6 (continued) Reproducibility of peak calls between biological replicates . . . 56
3.7 Comparison of controls used by WACS and ENCODE . . . . .. ... ... 57

3.8 Histogram of the overall number of controls used per ChIP-seq dataset using

3.9 Motif enrichment of the peaks called by five methods for each of the three
additional validation cell lines: A549 (e and d), GM12878 (b and e) and
HepG2 (cand f). . . . . . . o oo 60

3.10 Percentage overlap in peaks between biological replicates, for each of the five
peak calling methods for each of the three additional validation cell lines:
A549 (a and d), GM12878 (b and e) and HepG2 (¢ and f).. . . . . . . .. 61

4.1 Simplified diagram of Stage 1 and Stage 2 Models . . . . . . .. .. .. .. 72



4.2

4.3

4.4

5.1
5.1
2.2
5.3
5.4
2.5
2.6
5.6
2.7
2.8
0.8

B.1

B.2

B.3

B.4

(a) Venn diagram of percentage overlap between cell lines for ATF7. (b)
ROC curves per cell line cell line per condition: CL General (dashed line)
and CL Specific (solid line) for ATF7. (¢) AUC per cell line per condition:
CL General (shaded) and CL Specific (not shaded) for ATF7. (d) Heatmap
of percentage overlap between 14 cell lines in CTCF.ENCABO0O0AXX. (e)
ROC curves per cell line cell line per condition: CL General (dashed line)
and CL Specific (solid line) for CTCF. (f) AUC per cell line per condition:

CL General (shaded) and CL Specific (not shaded) for CTCF. . . . . . .. 73
Plots of performance in terms of accuracy, sensitivity and specificity per
synthetic example per cell type on simulated data for stage 1 models . . . 75

(a) Scatter plot of Cell Type General AUC versus Cell Type Specific AUC
with the color gradient depending on the -logl0 p-values. (b) Bar chart
of AUC differences. (c) Scatter plot of percentage overlap(%) and AUC
differences, with the color gradient depending on number of cell types per
TF-AB. (d) Scatter plot of number of cell types versus AUC difference, with
red line depicting mean AUC difference per cell type count. (e) Number
of ChIP-seq experiments using polyclonal vs monoclonal antibodies. (f)

Scatter plot of AUC differences for TFs with more than two ABs. . . . . . 76
Motif enrichment for ATF7.ENCABO0OBMO . . . . . ... ... ... ... 90
(continued) Motif enrichment for ATF7.ENCABOOOBMO . . . ... .. .. 91
Motif enrichment of CREM.ENCABOOOAAT . . . . . ... ... ... ... 92
Motif enrichment of SP1.ENCABOOOAKY . . . ... ... ... ... ... 93
Motif enrichment for CTCF.ENCABOOOAXX . . . .. ... ... ... .. 95
Motif enrichment of CTCF.ENCABOOOAFR . . . . . ... ... ... ... 96
Overall motif enrichment . . . . . . .. .. ... 0oL 98
(continued) Overall motif enrichment . . . . . .. ... .. ... .. 99

Motif enrichment network in the cancerous cell types: A549, K562 and Hep(G2101
Visualization of filters per TF-AB model . . . . . . . ... ... ... ... 104
(continued) Visualization of filters per TF-AB model . . . . .. ... ... 105

Bar plots of AUC differences per cell type per TF-AB for cell type specific
(shaded) and cell type general (dashed) cases on the test dataset. . . . . . 148

(continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.149

(continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.150

(continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.151

xi



B.5 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.152

B.6 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.153

B.7 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.154

B.8 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.155

B.9 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.156

B.10 (continued) Bar plots of AUC differences per cell type per TF-AB for cell
type specific (shaded) and cell type general (dashed) cases on the test dataset.157

C.1 Motif enrichment networks for cell type (a) GM12878. . . . ... ... .. 158
C.1 (continued) Motif enrichment networks for each of cell types (b) MCF-7, (c)

Hl and (d) HeLa-S3. . . . . . . .. . 159
C.1 (continued) Motif enrichment networks for each of cell types (e) HCT116,

(£) IMR-90 and (g) SK-N-SH. . . o oo oo oo 160
C.1 (continued) Motif enrichment networks for cell type (h) Liver. . . ... .. 161

xii



List of Abbreviations

Next generation sequencing
Deoxyribonucleic acid

Ribonucleic acid

Transcription Factor

Chromatin immunoprecipitation followed
by high throughput sequencing

Antibody

RNA sequencing

DNase I hypersensitive site sequencing
Immunoglobulin G

Weighted Analysis of ChIP-seq
Polymerase Chain Reaction

Signatures of TF Binding

Messenger RNA

Base Pair

Cleavage Under Targets and Tagmentation
Protein Binding Microarray

High Throughput-Systematic Evolution
of Ligands by Exponential Enrichment
Assay for Transposase-Accessible Chromatin
with high-throughput sequencing
Irreproducible Discovery Rate
Independent and Identically Distributed
False Discovery Rate

Position Weight Matrix

Position Specific Scoring Matrix

Protein Binding Microarray

Binding Energy Estimation by Maximum
Likelihood for Protein Binding Microarrays
Machine Learning

Deep Neural Network

Convolutional Neural Network

Recurrent Neural Network

Rectified Linear Unit

Gated Recurrent Unit

Long Short-Term Memory

Area Under the Precision-Recall Curve
Receiver Operating Characteristic

Area Under the receiver operating characteristic Curve
True Positive Rate

False Positive Rate

xiil

NGS
DNA
RNA
TF

ChIP-seq

AB
RNA-seq
DNase-seq
IgG
WACS
PCR
SigTFB
mRNA

bp
CUT&Tag
PBM

HT-SELEX

ATAC-seq

IDR
11D
FDR
PWM
PSSM
PBM

BEEML-PBM

ML
DNN
CNN
RNN
ReLU
GRU
LSTM
AUPRC
ROC
AUC
TPR
FPR



Multi-Task Learning
Transcription Factor Motif
Discovery from Importance Scores
Global Importance Analysis
Micrococcal nuclease digestion
with deep sequencing

Alternative splicing

Model-based Analysis for ChIP-Seq
Non-negative least squares

Find Individual Motif Occurrences
CCCTC binding factor

Estrogen receptors «

Human embryonic stem cells

Cell lines/types

Cell type specific

Cell type general

Activating Transcription Factor 7
Cyclic AMP response element
Basic leucine zipper

Multiple Expectation maximizations
for Motif Elicitation

Alternative Splicing

Xiv

MTL
TF-MoDISco
GIA

MNase-seq

AS

MACS
NNLS
FIMO
CTCF

ERs

hESC

CLs

CL Specific
CL General
ATF7

CRE

bZIP

MEME
AS



Chapter 1

Introduction

1.1 Overview

There has been ongoing international effort to completely sequence the human genome,
with the yet most complete version of the genome published recently in 2022 [188]. With
the use of next generation sequencing (NGS) technologies, scientists have been able to
interpret the structure and functionality of the genetic information encoded in the genome.
Information derived from sequencing either the entire genome, or targeted smaller regions
of it, have led to novel scientific insights in the understanding of biology and disease, more
specifically allowing for more personalized medicine and patient care.

The genome is a blueprint for protein synthesis. More particularly, according to the
central dogma of molecular biology, the DNA (deoxyribonucleic acid) is transcribed into
RNA (ribonucleic acid), which is then translated into a chain of amino acids. Yet, out
of the 3 billion base pairs in the human genome, less than 2% are protein-coding regions,
whilst the majority (98%) comprise some of the non-protein coding regions. Amongst many
components, such as non-coding RNA genes, repeats, pseudo-genes and retro-transposons,
the non-protein coding regions of the genome also consist of regulatory elements. These
elements are responsible for the control of gene expression in diverse cellular contexts
allowing for specialized functionalities per context. An example of key regulatory elements
responsible for gene expression regulation are transcription factors (TFs). TFs are proteins
that bind to specific short patterns of the DNA sequence, also known as motifs, that
exist in the non-protein coding regions of the genome. Uncovering the differential binding
preferences of a TF across various cell types and tissues, and understanding its impact on
downstream genomic processes, is important in molecular biology. Mutations also occur
in these non-protein coding regions. In fact, many disease associated variants are located
within these non-coding regions [159], where they perturb TF binding sites, and ultimately
complicate gene expression and cellular functionality.

The availability of functional genomic assays by international collaborative projects
such as ENCODE [50] and the Roadmap Epigenomics Project [35] has allowed genome-
wide profiling of many biochemical measurements of the non-coding, as well as the protein-



coding, regions of the genome. An example of a widely used assay is chromatin immunopre-
cipitation followed by sequencing (ChIP-seq), an experimental methodology used to iden-
tify protein-DNA interactions genome-wide, typically histone modifications or TF binding
sites, in various cell types at different developmental phases [155, |. In ChIP-seq, pro-
teins are extracted using a specific antibody (AB), and the DNA fragments attached to
those proteins are then sequenced and mapped back to a reference genome to infer the
binding sites. These binding sites contain the sequence motifs for the TFs in question.
Examples of other genomic assays include RNA sequencing (RNA-seq) for measuring gene
expression [251] and DNase I hypersensitive site sequencing (DNase-seq) for quantifying
chromatin accessibility genome wide [229].

Understanding transcriptional regulation, and how mutations impact gene expression,
is essential. Due to the many levels of complexity that exist between the TF activity and
the phenotypic output, it is not simple, however. The main difficulty commences at iden-
tifying the DNA binding preferences of TFs. There are many features that could influence
binding, and thus understanding the combinatorial impact of these features is essential
for having a more comprehensive understanding of transcriptional regulation. Features
that influence TF binding may be derived from contextual or epigenetic information en-
coded within the genomic sequence, or external intra- or inter-molecular TF interactions.
Such factors may then alter the motifs or combinations of motifs recognized by a TF, as
well as the specificity and sensitivity of binding, thus demonstrating complications in the
use simple recognition models to represent binding [223]. For example, in addition to the
intrinsic binding preference of a TF, factors such as the DNA shape, co-operative and com-
petitive binding, chromatin modifications and alternative splicing may influence binding
[223]. Some TFs may also have multiple DNA binding domains, and thus have the ability
to recognize multiple motifs [104, |. Another level of complexity is introduced by the
multifaceted nature of the experimental protocols, such as ChIP-seq, used to obtain TF
binding sites — as they are prone to noise and bias at every step of the process. Accounting
for noise and bias in ChIP-seq is essential for the prevention of false overestimation, or
even underestimation, of TF binding sites.

The obstacles encountered when uncovering the functionality of the non-coding regions
of the genome, as well as the availability of such large volumes of sequencing data, have
motivated the use of computational machine learning approaches. Using as input raw DNA
sequences or genomic assay profiles, such as ChIP-seq profiles of TF binding or DNase-
seq profiles of chromatin accessibility, machine learning techniques are able to analyze
large complex data to better understand underlying biological processes. Machine learning
methods have been proposed to learn genomic features, such as chromatin accessibility,
TF binding, histone methylation/acetylation, and gene expression. Moreover, machine
learning will not only be able to identify regions of enrichment, expression or accessibility
genome wide, but can also uncover the underlying DNA sequence patterns driving the
selection of such features by the model.

The advent of these new technologies, such as high throughput sequencing and so-
phisticated machine learning models, have increased our understanding of transcriptional
regulation. Ideally, we would want computational methods to fully represent the com-
plex protein-DNA interactions. However, due to the biases and noises associated with



omics data, and the complexity of the underlying biological systems, there are yet some
limitations that need to be addressed.

1.2 Problem Statement

In this thesis, I investigate three main themes of transcriptional regulation to achieve a
better understanding of the underlying molecular mechanisms behind the complex protein-
DNA interactions. The aim is to systematically explore distinct patterns observed in
ChIP-seq data, in terms of bias and noise, as well as TF cell type specificity and motif
enrichment.

1.2.1 Noise and Bias in ChIP-seq Experiments

Noise and bias are introduced at every step in the cascade of events leading to the generation
of high throughput sequencing data. Noisy datasets, for example, may be caused by poor
quality DNA| low concentration of DNA or inadequate primers, thus making it difficult to
distinguish between background noise and the actual regions of enrichment. However, the
use of statistical models on well-prepared samples of strong signal strength helps alleviate
the problem. Bias, on the other hand, is a more complex matter, as it still exists even with
high quality samples and statistical models. Bias may stem from the non-uniform structure
of chromatin leading to the differential fragmentation of the genome, or sequence dependent
polymerase chain reaction (PCR) amplification due to GC content bias, or the differential
mappability of short reads due to coverage bias, or even variable antibody specificity in the
case of ChIP-seq data [135, ]. Accounting for these technical artifacts is essential for
obtaining high quality reproducible results, as not accounting for bias produces misleading
output.

The fundamental goal of this thesis is to better understand trancriptional regulation.
Since ChIP-seq is a popular high-throughput genome profiling technology used in the study
of TFs, I investigate bias in ChIP-seq data. According to the ENCODE and modENCODE
consortia [50], one way to mitigate bias influence is through the integration of control
datasets, such as input DNA or ChIP with Immunoglobulin G (IgG) antibody, in the
ChIP-seq analysis. Various ChIP-seq datasets are differently biased, however. Depending
on which controls are used, different regions of enrichment can be selected for the same
ChIP-seq dataset. I implement a peak calling algorithm, Weighted Analysis of ChIP-Seq
(WACS), to address the aforementioned limitations. Given a target experiment and a
set of control experiments as input, the ideal contribution of each control experiment is
determined using non negative least squares regression, so as to maximize the value of the
target experiment. WACS shows the importance of smart bias removal methods via the
use of a customized selection of weighted control datasets per ChIP-seq experiment.



1.2.2 Cell Type Specific DNA Signatures of Transcription Factor
Binding

The cell type specificity of TF's is essential for the establishment and maintenance of gene
regulation in distinct cellular contexts, and as such important in the study of phenotypic
variation and disease. Most disease associated variants are located in the non-protein
coding regions of the genome. Moreover, cell type specific TFs assist in biomarker identi-
fication of certain diseases [267]. This is possible because TFs can regulate the expression
of cell or tissue marker genes, or inversely marker genes can influence TF activity. TFs
could even act as cell markers themselves, such as TF GATAS3 in the case of breast cancer.
Thus, through the study of cell type specific TFs, a more personalized model of care can
be produced to counteract the mechanisms that lead to disease development.

It is widely established that the same TF binds to multiple genomic regions in differ-
ent cell types, hence corroborating the need for large scale TF-DNA interaction mapping
projects, such as ENCODE [50]. Yet, a TF may bind to different binding sites along the
genome due to disparities in chromatin accessibility, or other mechanisms, such as steric
hindrance or cooperative binding, without any intrinsic difference in the DNA recognition
preference. Databases, such as JASPAR [11] and HOMOCOCO [132], implicitly assume
that DNA binding preferences of TFs are context independent, meaning factors that do
not cause an inherent difference in binding preference are not accounted for. There are
a few exceptions, however, where, for example, motifs for heterodimers are provided and
distinct from their constituent TF's. Indeed, there are many documented studies showing
how factors, such as complexing with other proteins, alternative splicing and cooperative
binding, influence the TF-DNA binding preferences of a TF.

I develop a deep learning approach, called SigTFB (Signatures of TF Binding), to
undertake the first wide-scale study of this phenomenon, creating an atlas of cell type
specificity for hundreds of TFs. I examine TF-DNA interactions to determine the “DNA
signatures” of differential binding of TFs. The term DNA signature is used to encompass
not only the intrinsic binding preference of a TF, but other factors, such as differential
chromatin accessibility, competitive and cooperative binding, and steric hindrance, that
could influence the DNA binding preference of a TF. It is important to note that SigTFB
is used to determine the degree, not the cause, of cell type specificity. The heterogeneity
of ChIP-seq across various cell types is uncovered, and the cell type specificity, or lack
that of, of TFs is investigated. A cell type specific TF is defined to be a TF that has
different DNA signatures in various cell types, while a more general TF binds to the same
signature regardless of cell type. Contrary to the popular use of deep learning solely for
the prediction of TF binding genome wide, here a deep learning approach is used for the
prediction of cell type specific DNA signatures of different TFs. More specifically, the
degree of cell type specificity of TFs is characterized and quantified on a wide scale. The
consistency in cell type specificity of a TF across cell types and even antibodies is also
explored.



1.2.3 Motif Enrichment Analysis of Cell Type Specific Transcrip-
tion Factors

Unraveling mechanisms that lead to the cell type specific nature of TFs is critical in
the understanding of regulatory mechanisms and disease causing variants. In the third
main contribution, I further investigate the cell type specificity atlas and the trained deep
neural networks to understand which specific sequence features drive binding in different
cell types. Thus, to identify what motif patterns lead to specific binding site selection
by a TF, and conversely, what patterns are more general, and to explain why and how
TF's bind to specific binding sites, a wide scale motif enrichment analysis of TFs and their
corresponding cell types and tissues is conducted. The aim is to also determine whether
the cell type specific predictions, attained earlier, are consistent with the motif enrichment
and gene expression analyses.

1.3 Thesis Statement

Traditional computational approaches, be it for peak calling when analyzing ChIP-seq data
or the prediction of TF binding sites using called peaks, have been proposed to obtain
novel scientific insights on transcriptional regulation. However, due to the complexity of
TF-DNA interactions, computational methods need improvement to accurately represent
the underlying biological mechanisms. The main goal in this thesis is to address three
main themes that arise in the study of transcriptional regulation — in terms of noise and
bias in ChIP-seq experiments, and TF DNA-signatures and motif enrichment. The aim is
to develop, apply and evaluate computational methods to better decipher the non-protein
coding regions of the genome. The methods developed should accurately represent input
ChIP-seq data, effectively process large volumes of complex data, and provide appealing
visualization to communicate results. Overall, with minor modifications, these techniques
should be adaptable to other high throughput sequencing datasets.

1.4 Contributions

Our main contributions consist of the development of machine learning approaches to
analyze high throughput sequencing data, that is ChIP-seq, for a deeper and more com-
prehensive analysis of transcriptional regulation. The following is a list of contributions in
the order that they appear.

1. A peak calling algorithm for smart control selection and weighting.

2. A wide scale evaluation of the smart bias removal peak calling method on 438 ChIP-
seq datasets and 147 control datasets of the K562 cell line, and 20 ChIP-seq datasets
for each of the A549, GM12878 and HepG2 cell lines. Improved specificity in peak
calling compared to state-of-the-art methods is shown.



3. A systematic comparison of smart control construction versus random control selec-
tion in peak calling.

4. A systematic assessment on the number of smart controls used in peak calling.

5. A wide scale investigation of cell type specific DNA signatures of TF binding for 194
distinct TF's covering a total of 35 human cell types. Variations in the degrees of cell
type specificity for the various TFs are detected and quantified.

6. A study on the consistency in cell type specificity for a specific TF across different
antibodies.

7. A wide scale investigation of motif enrichment and gene expression in a total of 261
TF-AB and cell type combinations. Results show that differential motif patterns
often correlate with a higher degree of cell type specificity, such as in the case of
ATF7, while similar motif patterns across cell types for the same TF often relates to
lower degrees of cell type specificity, such as the case of CTCF.

1.5 Thesis Outline

Chapter 2 surveys the literature and provides an overview on high throughput sequencing
data, more specifically ChIP-seq data, transcriptional regulation, TF binding specificity,
and finally deep learning in genomics. Chapter 3 introduces WACS, the weighted peak
calling algorithm I developed to address bias in ChIP-seq data via the incorporation of
a weighted customized selection of controls. Chapter 3 also compares WACS to other
peak calling algorithms, and provides a wide scale analysis on motif enrichment and repro-
ducibility. Chapter 4 proposes a deep learning approach implemented to explore the cell
type specificity of TFs. Chapter 4 also conducts a wide scale analysis of TF's across various
cell types and tissues to identify and quantify their degree of cell type specificity. Chapter
5 implements a wide scale motif enrichment and gene expression analysis to uncover the
motif patterns driving the cell type specific nature of TFs. Chapter 6 summarizes the con-
clusions, outlines the limitations of proposed approaches, and proposes possible directions
for future work.



Chapter 2

Literature Review

In this chapter, we review the literature encompassing both the biological and computa-
tional aspects of our aims. We first provide a simple explanation of the biology in terms
of genes, gene expression and transcriptional regulation. We then discuss different high
throughput sequencing technologies, explain the ChIP-seq methodology specifically in de-
tail, and discuss methods used for representing TF binding specificity. We finally explore
the application of deep learning in genomics, more specifically in the prediction of TF
binding sites.

2.1 Biology

Human cells contain genetic information in the form of DNA. This DNA is a double-
stranded nucleic acid consisting of nucleotides building blocks: adenine (A), guanine (G),
cytosine (C) and thymine (T). The sequences of nucleotides represent various protein-
coding genes, where a gene is a region in the DNA that contains the genetic instructions
necessary to produce sequences of amino acids, known as proteins. More specifically, a gene
consists of both protein-coding regions, equivalently exons, which translate into proteins,
and non-coding regions, equivalently introns, which do not code for proteins. Depending
on the order of nucleotides in a gene, different proteins with different functionalities are
produced. There are also non-coding genes which never produce a protein product, but
rather produce an RNA which may have some function in the cell. This is not our focus.

Analogous to a computer, a human cell consists of a set of instructions, more particu-
larly genes, that need to be interpreted and decoded by the cell’s hardware. The process
of interpretation and conversion of the sequence of nucleotides into a protein constitutes
the central dogma. It is also known as gene expression. Gene expression is carried out in
two main stages: transcription and translation. Transcription involves the conversion of a
DNA sequence of a gene into an RNA sequence. Transcription is carried out by enzymes,
such as the RNA polymerase, which initiates transcription, and other regulatory proteins,
such as TFs, which determine when and where proteins are synthesized. TFs, for example,
are DNA-binding proteins which bind to specific DNA sequences along the genome, either



promoter regions near the transcription start site to initiate transcription, or enhancer
regions to enhance or repress the transcription of the gene.

RNA sequences are single stranded nucleic acids, which similar to DNA, are made of
nucleotides. The building blocks of RNA are the nucleotides adenine, guanine, cytosine,
and uracil (U). Moreover, the RNA molecule produced by transcription is also composed
of coding and non-coding regions. The RNA responsible for the translation of a nucleotide
sequence into a protein is the messenger RNA (mRNA). Post transcription, in a process
called splicing, non-coding regions are removed from pre-mRNA to produce mature mR-
NAs. In addition to mRNA, there are other types of RNA, such as transfer RNA, ribosomal
RNA, microRNA and long noncoding RNA, that assist in the transcription and translation
processes [110], and thus play a vital role in regulation of gene expression.

The second main step of gene expression is the translation of the mRNA sequences
into proteins. Each set of three nucleotides in the mRNA forms a codon, and each codon
corresponds to an amino acid, which is the building block of proteins. With the mRNA
sequence acting as a template, the chain of amino acids is assembled in the same order
as they appear to form a linear sequence of amino acids, known as a polypeptide. The
ribosome and tRNA molecules assist in the translation process. The polypeptide then
folds in specific manner to form a well defined three-dimensional structure with a unique
functionality, which is also known as a protein. Additional post-translational modifications
may be required to produce functional proteins. These may include, but are not limited
to, the addition of phosphate groups in phosphorylation, or methyl groups in methylation,
or acetyl functional groups in acetylation.

Variations in transcription or translation can impact gene expression. The binding
ability of RNA polymerase to promoter regions, for example, may be affected by the
binding of other competing TFs to the same promoter regions, which ultimately affects
the rate of transcription by controlling the amount of mRNA produced from a specific
gene [191]. The rate at which mRNA is processed, that is the speed at which non-coding
regions are removed, can also effect the quantity of mature mRNAs, and hence proteins
made. Moreoever, post-transcriptional events can control the amount of proteins produced,
while post-translational events can modify the actual protein output.

So, how can gene expression lead to the expression of specific genes in specific cell
types or tissues only when its corresponding protein is required? Albeit various cell types
have the same genetic code, gene expression is regulated by TFs, co-factors and chromatin
regulators to create and maintain cell type specific states in humans [60, |. Differences
between cell types is often due to the exposure of cells to different extracellular signals
from their immediate environments. For instance, during development, the graded activ-
ity of morphogen signals informs cells on their whereabouts in the organism, stimulating
signaling pathways that turn on different sets of genes in different cells [208]. Other sig-
naling molecules, such as those associated with disease, health and aging, are continuous
throughout a cell’s life cycle. Moreover, events within cells, including random molecular
events, can influence cell behaviour. A change in the regulation of gene expression can lead
to diseases, such as breast cancer and diabetes [110].

Understanding transcription, more specifically how and where TF's bind to specific DNA



sequences, is essential to understanding differentially expressed genes. Transcriptional reg-
ulation is the combinatorial result of the structural properties of the DNA-protein complex
(i.e chromatin) and the TF-DNA interactions [191, 204]. Different TFs can have different
DNA binding domains which allow them to bind to specific regions along the genome.
However, there are many factors that can influence transcription. For example, chromatin
remodeling complexes are usually recruited when a TF binds to the DNA. These com-
plexes can either increase or decrease the accessibility of chromatin, making the binding
sites along the genome more accessible or less accessible to TF's respectively. Addition-
ally, histone and DNA modifications, referred to as the post-translational modifications
to histone proteins and DNA respectively, can influence transcriptional activity through
acetylation, methylation and phosphorylation. For example, the addition of the methyl
group to a gene promoter region along a DNA strand may repress gene transcription [275].

2.2 High Throughput Sequencing

The discovery of DNA as genetic material in 1928 by Frederick Griffith has led to advance-
ments in DNA-based technologies aiming to decode the blueprint of life [13]. Sequencing,
or the ability to read and determine the order of nucleotides in a DNA sequence, has rev-
olutionized biology. Understanding genomic sequences has led to better interpretation of
the structure, functionality and meaning of the genetic information.

Early sequencing efforts brought about Sanger sequencing, also known as the chain
termination method, in the 1970s [2]. Although successful in its ability to sequence DNA
fragments or even full genomes, Sanger sequencing remains expensive in terms of time
and cost, as only one sequence of up to 900 base pairs (bps) can be sequenced at a time.
Additionally, the quality of sequencing deteriorates as sequencing length increases, and this
method can only sequence one DNA fragment at a time. More recently, in the early 2000s,
improved next generation sequencing (NGS) technologies, also known as massively parallel
or short-read sequencing, that led to a greater magnitude of sequence data to be generated
at low cost were introduced [27, 84, |. The emergence of NGS technologies has proven
to be beneficial over traditional sequencing methods. Unlike Sanger sequencing, where only
one DNA sequence is sequenced at a time, NGS allows the sequencing of millions of short
DNA fragments simultaneously in a more cost effective and time efficient manner. Thus,
an entire human genome of three billion nucleotides can be sequenced in a day using NGS.
Other advantages include the ability to detect low frequency variants at higher sensitivity,
as well as offering a more comprehensive genomic coverage and allowing for paired-end
sequencing, where both ends of a fragment are sequenced. Examples of NGS technologies
include Illumina, 454 pyrosequencing, lon torrent and SOLiD.

The common steps shared across NGS platforms are library preparation, clonal ampli-
fication, sequencing and data analysis. Library preparation is a multi-step process which
usually involves (1) the extraction and purification of DNA sequences from samples, (2)
the fragmentation of the DNA sequences and (3) the ligation of adapters to both ends of
the fragments. This is followed by the amplification of the adapter-ligated fragments via
polymerase chain reaction (PCR), as well as bridge amplification in case of the Illumina
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platform, to produce billions of short DNA fragments (or sequencing reads) ranging from
40 to 700 bp [39]. With the Illumina platform, sequencing is then carried out using either
sequencing by synthesis, which involves the incorporation of flourescent nucleotides one at
a time to a DNA template strand, or sequence by ligation, which involves the addition
of multiple bases at a time. Other platforms, such as Ion Torrent, use a slightly different
sequencing approach based on the principle of detecting electrical signals when a hydrogen
ion is emitted during the addition of a nucleotide to the growing DNA strand.

There are many specialized applications of NGS that help uncover the mechanisms of
gene regulation and cell adaptation to external and internal environments [27, 55, ,

, , ]. These applications work not by sequencing all the DNA in the cell, but
just certain parts of the DNA. For instance, in the next section, we will explore ChIP-seq,
a commonly used application for identification of TF and histone binding sites. Briefly,
ChIP-seq works by using an antibody to bind and pull a specific protein of interest out
of a cellular mix, along with the DNA to which it is bound (see Figure 2.1). Sequencing
that DNA then tells one what parts of the genome were bound by the protein. There
are other alternatives to ChIP-seq, such as ChIP-exo [206] and Cleavage Under Targets
and Tagmentation (CUT&Tag) [119]. ChIP-exo, unlike ChIP-seq, finds the binding inten-
sity per base pair, while CUT&Tag does not need as much starting material as ChIP-seq.
Other high throughput techniques that measure the sequence specificities of DNA-binding
proteins include, but are not limited to, in vitro protein binding microarray (PBM) and
high throughput-systematic evolution of ligands by exponential enrichment (HT-SELEX).
NGS technologies can also quantify gene expression in a cell with RNA-seq by measur-
ing RNA transcript levels, or measure chromatin accessibility genome wide with Assay
for Transposase-Accessible Chromatin with high-throughput sequencing (ATAC-seq) or
DNase-seq. However, the central focus of this thesis is ChIP-seq, so we describe this
procedure and the analysis of its data in more detail in the next section.

2.3 ChIP-seq

One widely used technology by the scientific community is chromatin immunoprecipita-
tion followed by next generation sequencing (ChIP-seq) [155, |. ChIP-seq analysis has
allowed the extensive investigation of the structural and functional elements encoded in
a genomic sequence. The main objective of ChIP-seq is the detection of protein-DNA
binding sites and histone modifications genome wide in various cell lines and tissues.

In a ChIP-seq experiment, DNA is first crosslinked with proteins using formaldehyde or
another chemical reagent to form DNA-protein complexes (Figure 2.1). Next is the process
of chromatin fragmentation, where DNA is sheared to produce several DNA fragments,
which are typically 100 to 500 bp in length. Then, in the chromatin immunoprecipitation
step, a specific antibody is added to the complex to select the proteins of interest, along
with the DNA to which they are crosslinked. In this case of a TF, this should ideally
be an antibody that specifically binds that TF and no other proteins. While in ChIP-
seq for a histone mark, this would be an antibody that specifically binds to only the
chemically modified form of a histone protein, and not the unmodified protein version nor
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Figure 2.1: Workflow of ChIP-seq analysis. Chromatin in the nucleus (1) is cross-linked with
proteins to produce DNA-protein complexes, then sheared to produce several DNA fragments,
(2) followed by immunoprecipitation where specific antibodies are added to the DNA-protein
complexes to select the proteins of interest. Short reads (3) are obtained using high throughput
sequencing, (4) then mapped to the reference genome, (5) finally yielding a distribution of tags on
the genome. Source: [239], used with permission conveyed through Copyright Clearance Center,
Inc.

any other proteins. The active gene enhancer H3K27ac, for example, means the acetylation
of the lysine residue at position 27 of the H3 histone protein. This is followed by DNA
recovery and purification, where DNA is retrieved and recovered from the DNA-protein
complexes to identify the protein bound sequences. The retrieved DNA fragments are then
sequenced and mapped to a reference genome using mapping programs such as Bowtie
[136] or Burrows-Wheeler Alignment [111], producing stacks of aligned reads across the
genome. Some read pileups correspond to true regions of enrichment, also known as peaks,
while others may be a result of the distortion of the ChIP-seq signal.

2.3.1 Peak Calling

The separation of signal from noise in the stacks of aligned reads is an important step in
the analysis of ChIP-seq data. Peak calling is a computational method used to identify
genomic regions enriched with aligned reads comparatively to a background signal. More
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than 30 peak calling algorithms have been implemented, including but not limited to
MACS2 [280], SICER [268, 272], F-Seq2 [38, 281], SISSR [115], QuEST [217] and HOMER
[93]. Surveys that compare different ChIP-seq peak calling methods are outlined here
51, , , , , ]. The overall peak calling approach often involves two main
sub-problems: (1) the identification of regions of enrichment along the genome and (2) the
statistical evaluation of the candidate regions to identify the true regions of enrichment
(peaks). Prior to any peak calling method, however, is the preprocessing of the ChIP-seq
data.

(i) Preprocessing Data

The biases and noise in ChIP-seq data, if not properly addressed, can greatly impact the
interpretation of the output produced. Thus, due to the importance of developing effective
computational peak calling methods, many methods have attempted to tackle such issues
via the normalization of read counts, the removal of duplicate reads, and the incorporation
of controls, to ultimately build better estimates of the ChIP-seq signal. In this section, we
briefly describe each of the preprocessing steps used in the analysis of ChIP-seq data.

Background Signal: The incorporation of negative controls, or a background signal,
is an essential step in the analysis of ChIP-seq. Noise and bias in ChIP-seq experiments
typically increase the number of false positive peaks identified [51, , ]. The use
of controls, however, aids in the increase of sensitivity, which is the ability to correctly
identify bound regions, and specificity, which is the ability to correctly identify unbound
regions [152]. Moreover, negative controls correct for GC content bias that may occur
when more (or fewer) reads map to GC-rich regions, and are often used for the detection
of irregular relationships between the antibody and DNA sequence. Controls can be in
the form of input DNA control, where a DNA sample that has not been immunoprecipi-
tated is used, or a mock immunoprecipitated control, where a non-specific antibody, such
as the immunoglobulin G (IgG) antibody, is used to produce random immunoprecipitated
DNA fragments by binding to irrelevant proteins. In the case of no controls, peak calling
methods typically model the background distribution as a Poisson or negative bionomial
distribution. However, with the integration of controls, the enrichment of reads mapped
to ChIP-seq relative to the control is often computed by either computing the difference
or ratio of enrichment between the two. The control sample can also be used to compute
the parameters of the Poisson or negative bionomial distribution. Furthermore, due to the
biases that exist in ChIP-seq and controls datasets, other methods, such as CloudCon-
trol [97] and AIControl [98], have suggested the notion of smart customized controls to
more accurately model the background signal of a ChIP-seq experiment. In AIControl, for
example, ridge regression is used to fit the controls to the background signal of a ChIP-seq
experiment.

Normalize Data: Normalization is a critical step in the analysis of ChIP-seq. It in-
volves the transformation of independent ChIP-seq data sets from various sources, be it
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different biological replicates or experimental conditions, for direct comparison [5, 65, ].
Normalizing data accounts for differences in sequencing depth (the total read count). It
also accounts for several sources of systematic bias that may arise due to the multi-faceted
nature of the ChIP-seq pipeline. As previously mentioned, control datasets are often used
in the peak detection process. ChIP-seq and control samples are typically sequenced at
varying depths, and have different read distributions. Thus, after read counts are computed
per genomic window in both samples, they are normalized for a more effective comparison.
A simple strategy accounts for the total number of reads in each sample. Let N and M
be the total number of reads in the ChIP-seq and control samples respectively. To linearly
scale the control read count to be the same as the ChIP-seq read count, the control read
density is multiplied by the scaling factor N/M. However, this method does not account
for the non-uniform distribution of reads across the genome, and may incorrectly model
the background distribution [65, |. Another method uses the notion that ChIP-seq is
composed of both background and enrichment regions to compute a scaling factor that
normalizes the background reads of the ChIP-seq signal with respect to the control signal

[65].

Filter Duplicates: Duplicate reads are reads that map to the same region along the
genome [08, ]. Duplicates that arise due to repetitive DNA, or the over-amplification
of genomic regions via PCR, often lead to false conclusions made about the true levels of
enrichment. Biological duplicates may also occur due to the sequencing of DNA fragments
originating from the same genomic region. Most peak calling approaches automatically
remove or offer the option of removing duplicate reads. Duplicate reads can also be removed
by the user with tools like DeDup [186] or SAMtools [112] either before mapping (based
on sequence identity), or after mapping (based on identical mapping location). Although
it may underestimate the ChIP-seq signal, duplicate removal has shown to significantly
improve the output quality and downstream genomic analyses. Duplicate removal is often
performed prior to building a signal profile.

Biological Replicates: The use of multiple biological samples in the assessment of re-
producibility assists in the mitigation of bias in ChIP-seq [135, . According to the
ENCODE guidelines, each ChIP-seq experiment requires at least two independent biologi-
cal ChIP-seq replicates [135]. With largely variable replicates, there is more inconsistency
in the peaks detected, thus suggesting the need for improvement or reiteration of the exper-
imental protocol. Consistency in peaks detected from different replicates gives reassurance
in the experimental quality of the ChIP-seq used. More particularly, it is essential not only
to test the consistency in peak detection between replicates, but to also merge information
from replicates for further ChIP-seq analysis. Methods could simply compute the peak
overlap between two independent biological replicates, or pool reads from the replicates
together and call peaks from the pooled data. An extensively used methodology by EN-
CODE is the Irreproducible Discovery Rate (IDR) framework [135, 145]. Here, peaks are
first called for each replicate and then sorted according to a measure of significance, such as
p-value or g-value. The general idea is that two replicates should display high consistency
in the most significant peaks detected, and lack it in the least significant peaks. Highly
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significant peaks will more likely be actual regions of enrichment, while less significant ones
will mostly be associated with noise. The transition of consistency between high to low
significant peaks acts as an IDR threshold for the detection of reliable peaks.

(ii) Identification of Regions of Enrichment

Be it narrow peaks produced by TF binding, or broad peaks produced by histone modi-
fications, peak calling methods commence by creating peak profiles for each chromosome.
The simplest strategy involves the direct count of the number of mapped reads overlapping
genomic intervals, and the identification of intervals with counts more than a set threshold
as regions of enrichment. However, due to the complexity of ChIP-seq in terms of signal,
experimental noise and artifacts, this method is ineffective. Additional aspects of ChIP-seq
need to be recognized for better discrimination [51, 189].

Fragment length and Position Estimation: A typical initial step in peak calling
methods is the approximation of the fragment length distribution [51, . ChIP-seq
reads only represent the DNA fragment ends, and not the full length fragments. Moreover,
ChIP-seq experiments are typically single end-sequenced, suggesting that reads are equally
likely to originate from either the forward or reverse strand. The strand specific nature of
the read distribution results in a biomodal distribution around the true binding sites of the
target protein, as seen in Figure 2.2. The estimated fragment size is equal to the distance
between the two modes/peaks in the bimodal distribution. Fragment length estimation
is often coupled with the shifting of reads towards the center of the binding site, and the
extension of reads to represent the estimated fragment length. These initial steps help
better locate the precise binding sites of proteins.

Build Signal Profile: Building a strand specific signal profile is an important step in
ChIP-seq analysis [51, |. Smoothing techniques are used to smooth, or approximate, the
read count densities. For example, MACS2 [230] and SISSR [115] slide a window of specified
length across the genome and compute the total or average read count per region. Regions
with read counts exceeding a specific threshold are identified and merged if consecutive.
Fragments are extended and shifted prior to the sliding window scans in MACS2, unlike
SISSR where the summit is detected prior to fragment extension. Other peak calling
methods, such as QUEST [217] and F-Seq 2 [38], use kernel density estimation with a
Gaussian kernel to model the read pileup across the genome. The derived probabilites at
each base or genomic interval are proportional to the probability of finding mapped reads
at that region.

(iii) Assessment of Candidate Regions
Candidate peaks are defined according to specific selection criteria, such as read count

threshold or minimum enrichment ratio, p-value or g-value [51, ]. A simple strategy is
to identify candidate regions as regions with read counts more than a preset read count
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Figure 2.2: Overview of the ChIP-seq pipeline. Transcription factor binding sites display a
characteristic bimodal distribution of the positive (forward) and negative (reverse) strand reads.
Source: [25], used with permission conveyed through Copyright Clearance Center, Inc.
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threshold. Alternatively, most peak callers adopt a statistical approach to determine the
quality of peaks, such that p-values or g-values derived from the enrichment ratio relative to
the control are typically used to assess quality of peaks. For example, in MACS2, the read
distributions in each window in each of the control and ChIP-seq samples are modeled
as separate Poisson distributions. The overall expected number of reads per window is
based on the expected number of reads in the control and ChIP-seq, which is derived from
their corresponding Poisson distributions. Each genomic region, or window, is evaluated
independently, where the null hypothesis states that enrichment levels of the control and
ChIP-seq are similar. A window is considered to be a peak if the Poisson p-value is less
than the default value of 107°, which can be modified based on user preference. The
multiple test problem arises, however, as thousands of hypotheses, i.e. peaks, are tested
simultaneously. This increases the probability of detecting a significant peak by chance, as
the number of false positive peaks, regions claimed to be peaks but are not peaks, increases.
Hence, most peak calling methods correct for the false discovery rate (FDR) [28] using the
Benjamini-Hochberg correction method.

2.3.2 Challenges in Peak Calling

As with any complex experiment, there are still many sources of noise and bias in ChIP-
seq experiments that may negatively impact downstream genomic analyses. Errors may
arise from sequencing, structural, biological or technical variations. This may include: low
binding affinity of antibody used; differential fragmentation of DNA due to the non-uniform
chromatin structure; differential amplification of DNA fragments due to PCR amplification
bias; differential mappability of reads due to GC content bias; library contamination due
to flaws in the experimental protocol; or sequencing errors due to defects in the sequencing
technology used. More details on the different sources of error can be found in Chapter 3.
Moreover, each peak calling algorithm adopts a specific protocol for peak detection. Feature
variations in protocols may drive a difference in peak calling performance [51]. These
features may include whether signals are detected per nucleotide or per bin along the
genome, or whether or not ChIP-seq and control signals are explicitly combined, or whether
there is an option to select multiple alternate window sizes instead of being biased by one
pre-selected window size, or whether or not the signal is modeled as a distribution with
parameters estimated from ChIP-seq and control data, or the choice of statistical test used
to score candidate peaks. Finally, it is important to note, that scientists do not know the
true gold standard — meaning that the actual regions of enrichment along the genome are
unknown. Peak calling techniques provide a means of estimating what these regions are.

2.4 Representing TF Binding Specificity

Different methods have been proposed for the experimental determination of the represen-
tation of TF binding preferences [220), , |. In-vitro data, such as PBM or SELEX,
and in-vivo data, such as ChIP-seq, incur bound regions, where a TF bindings to the
genome, and unbound regions, where a TF does not bind. A TF’s sequence specificity
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can be deduced from either data type, where bound and unbound sequences are used to
build a model that accurately describes the DNA binding preferences of that TF. Both
in-vitro and in-vivo are not without limitations, however. With in-vivo data, other factors
in addition to the intrinsic binding preference of the TF may influence binding, such as
chromatin accessibility and co-binding, while in-vitro data is generally known for its poor
detection of low specificity binding sites, as it is difficult to detect the binding of a TF to
a site at low concentration.

Most DNA-binding proteins, such DNA-binding TFs, bind to specific sequences in the
DNA. Others, such as histones, bind to the DNA in a non-specific manner. A binding
protein TF can bind to multiple genomic regions, where different sequences may have
different binding affinities. Thus, to characterize the TF binding site specificity of the
collection of sequences, a consensus DNA sequence or a binding site motif is generally
used. The binding site motif captures the binding information for the set of preferred
bound sequences [235, ]. One consensus sequence is suitable for highly specific DNA
interacting proteins [223], such as restriction enzymes, however, may not represent all the
possible binding preferences of the binding protein.

A weight matrix (see next section) is one way for depicting sequence specificity of a
collection of sequences and allowing variants of the consensus sequence [220), , , ,

, ]. However, many other sequence specific models (see following sections) have
been proposed to portray the motifs and account for the varying binding affinities and
sequence degeneracy (similar sequences with same function under certain conditions) of
protein-DNA interactions [220), , ; , |. The models are then used for the
search and prediction of potential TF binding sites in the genome. It is important to note
that the although the models attempt to closely match the sequence composition of the
known/experimental binding sites, mismatches are allowed. Model selection is based on a
balance between the number of mismatches and precision of the representation.

Position Weight Matrices and Related Models To learn the sequence specificities
of a DNA-binding protein, a commonly employed model is the position weight matrix
(PWM) (also called the position specific scoring matrix [PSSM]) [235, 236, 265]. Sequence
specificity of a TF is typically determined from an aligned set of bound sequences, and
background frequencies derived from control or unbound data. The matrix is of size N by
4, where N is the length of the protein-DNA binding site and 4 represents the four possible
nucleotides: adenine (A), guanine (G), cytosine (C) and thymine (T).

For every base position along the aligned set of bound sequences, a weight for each
corresponding nucleotide is given, depending on the nucleotide frequency, also known as
absolute entropy, or relative nucleotide preference, also known as relative entropy, at that
position. Entropy refers to how random or surprising the choice of a base is at a given
position of a TF binding site. More particularly, absolute entropy is based on the bound
sequences alone, such that for each base position in the alignment:

Absolute Entropy(p) = — Z p(c)logy p(c)
c€AC,G.T
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where p(c) refers to the fraction of bases that equal A, C, G or T. Absolute entropy has a
maximum value when all the events are equally likely. The more skewed the distribution,
the lower the absolute entropy. Relative entropy, on the other hand, takes into account
the base distribution in the bound and control/unbound sequences. The relative entropy
for each base position in the alignment is:

Relative Entropy(p1, p2) = — Z p1(c) log, w

c€A,C,G,T pi(c)

where p;(c) and ps(c) are the frequencies of how often a specific base A, C, G or T appears
in the control/unbound and bound sequences respectively. At each base position of the
aligned bound sequences, the weights represent the log likelihood ratio of how different the
actual observation is from the expectation defined by the control data.

PWDMs assume independent contributions of the positions in the binding site to the
total score. Probabilities at each position along a sequence S are calculated independently,
then multiplied together to produce the total score for the sequence. Sequence logos can
then be used to visualize the PWMs [218], where the rows correspond to the four possible
nucleotide possibilities (A, C, G, T) and the columns represent the different positions in
the sequence (See logo-like representations of motifs in the mutation maps in Figure 5.1).
The overall height of a given column in a sequence logo depicts the information content of
that position, or the absolute entropy.

Sequences are scanned using the PWM to detect potential binding sites. A suitable
scoring method and threshold are needed to determine whether a certain subsequence
matches the PWM. A simple strategy involves sliding the PWM across a sequence, scoring
each site on both the reverse and forward strands of the sequence, and comparing the score
of the site along the sequence to a threshold. More sophisticated motif discovery methods
have been proposed. An outline of the such approaches can be found here [59, ].

Although PWMs have the advantage of assigning position specific weights and not
equating all mismatches, as well as being simple to interpret and visualize, there are some
limitations to this method. PWMs fail to capture gaps. Suppose, for instance, a TF binds
to the two motifs ATCNTCG or ATCNNTCG, where N represents any nucleotide. A single
PWM can not model the sequence specificities of both motifs, due to the varying length
of the motifs and the inconsistent subsequence length between the ATC and TCG parts of
the motif. Gapped motifs are common, and may arise from TF's that bind as a homodimer
or heterodimer of two proteins complexed together. Moreover, PWMs may be unable to
portray the isoformic characteristics of TFs. TF isoforms, such as Pax-5, may result in
differential DNA binding preferences, thus requiring a separate PWM for each isoform. The
primary Pax-5 motif usually consists of the paired domain and the transactivation domain
[150]. Pax-5 isoforms, however, may only bind to the paired and not the transactivation
domain, such as Pax-5d, or have gaps within the paired domain, such as Pax-5e. Similar
to gapped motifs, one PWM can not capture the specificities of all TF isoforms in this
case. Other constraints include the independence of the base positions, and at times, the
failure to detect subtle sequence signals, such as cofactor binding sequences [1]. PWMs
provide a sufficient approximation of the truth specificity for some TFs [236], however it
is not adequate for others.

18



More complex methods have been proposed to model the sequence specificities of a
protein. For instance, to incorporate dependencies between positions, some methods ac-
count for the contributions of all the dinucleotides [222], instead of individual nucleotides,
along the binding site. Another example involves the use of probabilistic modeling meth-
ods based on Markov networks to account for contributions of neighboring positions [220].
Sets of features, which represent certain properties, are given weights and their impact on
the protein-DNA interactions is measured.

k-mer Based Approach Another approach is the k-mer based method. One example
of a k-mer based approach involves the construction of a compact universal protein binding
microarray (PBM), which accounts for all possible k-mer variants [30, 31]. The goal is to
generate all possible k-mer sequences, calculate an enrichment score of binding affinity per
sequence, and finally select k-mer sequences with the highest enrichment scores. Unlike
PWNMs, no assumptions about position independence or gap lengths are made [255]. More-
over, k-mer based methods can capture more subtle preferences in binding site composition
than PWMs [31]. However, one main disadvantage is the generation of several k-mers per
sequence per transcription factor, making the approach both computationally and memory
intensive.

Other Complex Approaches The methods discussed in the previous two sections may
underfit the binding data due to failure to detect low binding affinity sequences. Thus, due
to the development of improved in-vitro and in-vivo technologies, more complex approaches
have been proposed to generate more realistic, compact and accurate models of TF binding
specificity.

Some of these methods may explicitly infer PWM parameters from input data. One
way this can be achieved is by fitting models directly to binding intensity measurements.
In MatrixREDUCE [77], for example, a linear relationship between the sequences and the
binding intensities is assumed, where the sequence specificity is directly inferred from the
binding data by fitting a statistical model to the protein-DNA interactions. However, the
exact relationship between sequences and binding measurements remains unknown, and the
impact of experimental techniques on such association is unclear. As such, another way
is to fit models by ranking the binding intensity measurements instead. Seed-and-Wobble
[31], for instance, computes enrichment scores for each possible motif pattern variant of
length N, where N is the length of the sequence, using a modified form of the Mann-
Whitney U statistic, selects the optimal seed and a collection of single mismatch variants
to the seed, and finally constructs a PWM by combining the enrichment scores of the se-
lected variants using a Boltzmann distribution. Another popular method is BEEML-PBM
(Binding Energy Estimation by Maximum Likelihood for PBMs), where weighted nonlinear
least-squares regression is used to predict the binding energy of TF-DNA interactions.

Other approaches use machine learning (ML) techniques, such as support vector ma-
chines [1] or deep neural networks [0, 11, 16, 92, , , , ], to indirectly infer
PWM parameters. Some methods implement the classification of protein-bound and un-
bound sequences to estimate a TF’s sequence specificity model, while others use regression
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for the direct prediction of binding intensity measurements from binding data. The use
of ML to learn the mapping between DNA sequences and binding intensities/classes has
proven to be more successful for the interpretation of complex binding site preferences.
Deep neural networks will be discussed in more detail in the next section.

Thorough assessments conducted to compare the different methodologies proposed to
learn the sequence specificities of binding proteins can be found here [173, |. While the
chosen sequence specificity model, be it k-mer, PWM or diculeotide based, is important,
the nature of the TF, evaluation metric, parameter estimation and algorithm configuration
all greatly impact the nature and quality of the results obtained.

2.5 Deep Learning in Genomics

Deep learning has strengthened our understanding of genomics in fields such as preci-
sion medicine and drug design. It has allowed high dimensional sequencing data, such as
RNA-seq, DNase-seq, or ChIP-seq, to be fully utilized at higher potential and increased
interpretability. For instance, deep learning was used by DeepChrome to predict gene ex-
pression from histone modifications [225], DeepVariants to predict genetic variants from
NGS data [194], and to predict drug response in cancer patients [216]. A review of deep
learning approaches used in genomics can be found here [69, , , ].

Deep learning has many advantages over traditional machine learning methods in mod-
eling sequence specificity [I1]. Firstly, traditional machine learning approaches require
domain knowledge expertise for feature definition and selection. Unlike these approaches,
deep neural networks can directly learn from the genomic sequence alone without the need
for predefined features. This step can greatly impact model performance — being also
computationally and time intensive when dealing with high dimensional data. Moreover,
since neural networks take raw data as input, they are capable of learning a suitable rep-
resentation of the data by transforming low-level features into more complex, abstract or
high-level forms. They are able to capture non-linear relationships between base pairs in
the sequence and cover wider and multiple genomic regions [1358]. It is important to note
that architecture engineering and finding a meaningful loss function in deep learning is as
expensive computationally and time consuming as feature engineering.

There are various architectures of neural networks used in different applications de-
pending on problem design and data type. A fully connected network is made of a series of
layers. Each layer consists of neurons, where each neuron is connected to all the neurons in
the preceding layer. Training a fully connected feed forward network on high dimensional
data is a challenge, as the number of parameters may exceed the number of training in-
stances, making the model more prone to overfitting. As such, other model architectures,
such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs),
have been used to reduce model complexity, and therefore the training time and the risk
of overfitting [118, , ]. The various network architectures also have different weight
sharing schemes. Fully connected networks assume independent input features (where each
feature has a different parameter), CNNs assume that the same patterns can be derived
from subsets of input features, and RNNs are more natural for sequential data.
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2.5.1 Architecture

The high dimensionality of genomic data has led to the use of deep learning approaches,
such as CNNs and RNNs; instead of fully connected feed forward networks [0, 11, , 285].
Here, we focus on deep learning approaches used for the prediction of TF binding sites
and /or chromatin accessibility genome-wide. The prediction of chromatin accessibility in-
volves the prediction of whether or not regions are chromatin accessible, while TF binding
prediction predicts whether or not regions are bound by a specific TF. Methods can be
based on only CNNs, such as DeepBind [0], DeepSEA [285] and Basset [120], or a com-
bination of both CNNs and RNNs, such as DeeperBind [92], DanQ [197] and DeepGRN

[16].

Convolutional neural networks

A CNN is a type of neural network commonly known for its application in image classifi-
cation and computer vision due to its capacity to analyze spatial information [276]. The
intuition behind CNNs is that the classification of an input depends on local features within
the input, rather than the entirety of the input. For instance, to classify an image of a
dog, the CNN detects different dog features, such as eyes and paws, and the relationship
between these feature, to ultimately be able to detect various types of dogs regardless of
where they appear in the image. Similarly, in the analysis of genomic sequences for the
prediction of TF binding, a certain DNA motif may be present at any location in the
sequence, and it might be one of several variant motifs that the TF binds to. This is re-
ferred to as the sequence specificity of a TF, as previously discussed in Section 2.4, which
measures how strongly a TF binds to various genomic regions relative to unbound regions.
Two-class image classification is analogous to the sequence specificity modeling problem,
where a 2D image with three color possibilities is similar to a 1D genomic sequence with
the 4 possibilities A, C, G and T [270]. A window of the genomic sequence can be seen as
an image. As such, CNNs are able to learn the local and global features of genomic data
and are thus used to model the relationships between TFs and raw genomic sequences.

The three main types of layers of CNN architectures include the convolutional layer, the
pooling layer and the fully-connected layer. The convolutional layer, also known as a motif
scanner, is the first and main building block of a CNN, which is used for pattern detection
and feature extraction. Each convolutional layer has multiple filters or kernels which scans
the raw genomic sequences. This is akin to scanning the sequences using multiple PWMs.
The weight sharing strategy in CNNs enables the network to capture local patterns in the
sequence data and learn a single filter for analogous motifs which may appear at multiple
locations in the sequences. A non-linear activation layer, such as the rectified linear unit
function (ReLU), is then applied to each convolutional layer. This is then followed by a
pooling layer which operates on each filter independently. Pooling reduces the spatial size
of the filter by reducing the number of parameters.

DeepBind is one of the first pivotal methods which used CNNs for the identification
of protein binding sites in DNA and RNA sequences [(]. It used a single convolutional
layer, and trained multiple single task models — one for each TF and cell line combination.
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DeepBind outperformed all the other traditional sequence specificity algorithms (previously
discussed in Section 2.1.4) on both in vitro and in vivo data, and it was able to learn motif
patterns associated with the binding sites and derive new sequence motifs. Increasing the
number of convolutional layers or the use of local pooling has no significant impact on

performance [276]. However, increasing the number of convolutional filters increases the
performance; as such we set the number of convolutional filters as a hyperparameter in our
model. Other methods, such as DeepSEA [285] and Basset [120], used CNNs to uncover

regulatory features from genomic sequences to predict chromatin accessibility along the
genome. DeepSEA and Basset both used a 3-layer CNN in a multi-task learning framework,
where each task corresponded to a cell line or tissue. Despite the technical differences,
both methods were trained on chromatin accessible data to predict the impact of single-
nucleotide variants on regulatory regions, such as DNase hypersensitive sites, TF binding
sites and histone marks. Other applications, which use CNNs, include but are not limited
to, the prediction of Hi-C contact maps [71, 82], DNA methlaytion [202], gene expression
[14, 225, 287] and alternative splicing [106, 118].

Recurrent neural networks

Recurrent neural networks (RNNs) are another class of neural networks which model the
temporal relationships of sequential data [17]. Due to their outstanding performance in
processing sequential data, RNNs have been used in many challenging domains, such as
natural language processing, speech recognition and language translation. RNNs account
for the positions of elements in the sequence and capture interactions between distant
elements in the sequence. RNNs also allow inputs and outputs to be different in terms of
type and length. For problem domains like those mentioned above, they provide a better
representation of high dimensional data than fully connected networks, as they reduce the
number of parameters in the model.

The mechanisms of forward and backpropogation in RNNs are slightly different than
what is traditionally used [17]. In forward propogation, RNNs scan the data from left
to right, and are recurrent because they perform the same task for every element in the
sequence. This is unlike traditional forward passes applied in other network architectures,
which treat each element in the input independently. RNNs pass the activation from one
time step (one element) to the next. Thus, when making the prediction y[t], it not only
uses information from input z[t] but also uses activation from z[t — 1]. The same set of
parameters are used at each time step — for every nucleotide in the sequence. In a standard
unidirectional RNN, information earlier in the sequence is only used. However, in 1997,
Schuster and Paliwal proposed the use of bidirectional recurrent neural networks to account
for prior and future elements in the sequence [219].

RNNs use backpropogation through time to calculate gradients — meaning in the back-
propogation step, the sequence is scanned from right to left. The term gradients refers to
the errors made while training the network. Similar to traditional backpropogation meth-
ods, RNNs take the partial derivatives (gradients) with respect to parameters, and then
update the parameters using gradient descent. However, unlike traditional methods, RNNs
obtain the loss for each element (time step) in the sequence, then find the overall loss by
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summing the losses of all the elements. Thus, all elements in the sequence are treated as
if they have the same loss.

In a way, RNNs appear to be advantageous over CNNs as they are able to transfer
information through arbitrarily long sequences [17]. However, standard RNNs only capture
local dependencies. They suffer from the “short term memory” problem and are unable
to capture long term dependencies. Very deep neural networks, including RNNs, suffer
from the vanishing gradient problem, where the gradient decreases exponentially with the
number of layers. Thus, updating the weight parameters with small gradients makes the
update insignificant and training more difficult. To tackle the vanishing gradient problem
and allow RNNs to capture long term dependencies along the sequence, gating mechanisms,
such as the gated recurrent units (GRUs) [53, 54] and long short-term memory (LSTM )
units [99], are used. An internal state in the network is updated continuously allowing
the network to memorize long range dependencies of elements along the sequence. These
mechanisms regulate and manage the flow of information between nodes in the neural
network.

Hybrid Architectures

The sequential nature of genomic sequences has led to the integration of CNNs and RNNs
for the prediction of TF binding sites along the genome in many approaches, such as
DeeperBind [92], DanQ [197], FactorNet [198], and DeepGRN [16]. CNNs extract the local
short range dependencies between nucleotides from the genomic sequences, while RNNs,
more specifically LSTMs, capture the long range dependencies at a motif level and thus
make use of information across the entire sequence [92].

In an assessment comparing the different deep learning approaches, Zhang et al. show
that approaches using CNNs outperform hybrid approaches on ChIP-seq data [277]. The
evaluation of the models was based on scalability, usability, performance and motif predic-
tion. Similar results suggesting that simpler architectures outperform more complex ones
were obtained by another evaluation paper [283]. However, deepRAM show contradictory
results of hybrid models outperforming all other models, evaluation here was based on only
the AUC metric [215]. The authors suggest that the combinations of RNNs and CNNs
improves performance over simple CNNs. The trend can be seen more clearly with an
increase in training data size. However, the use of simpler models leads to better inter-
pretability. In summary, no clear conclusion can be made about which architecture design
is better as it depends mostly on problem design, data type and data size.

2.5.2 Data Representation

Beyond the deep learning architectures, there are other factors to consider when modeling
a DNA sequence for the prediction of TF binding sites. These include, but are not limited
to, the input and output data representation, the length of input and class imbalance.
ChIP-seq and DNaseqg-seq are typically used to derive TF sequence specificity models.
Many approaches [0, , 198] have turned to the ENCODE Project Consortium [56] and
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the Roadmap Epigenomics Consortium [35] to extract ChIP-seq and DNase-seq data to
detect regions of enrichment and regions of chromatin accessibility.

How the input and output data are represented in the different approaches varies how-

ever. Some methods, such as DeepBind [6], MTTFSite [286], Basset [120] and Wnuk et
al. [201], directly use the extracted ChIP-seq or DNase-seq peaks to produce the positive
and negative instances. For example, in DeepBind [6], ChIP-seq peaks for a specific TF

and cell type combination are considered positive sequences — these are sequences that are
bound by the TF in that specific cell type. The negative sequences are then produced by
shuffling nucleotides in the positive sequences, in such a way that dinucleotide frequencies
are preserved. In DeepBind, a binary classification model is trained for each TF and cell
type combination with equal numbers of positive and negative sequences each of length
101bp. Similarly, Basset [120] predicts chromatin accessibility, and thus uses DNase-seq
peaks as positive instances for the prediction problem. However, unlike DeepBind, Basset
is formulated as a multi-task classification problem for the prediction of chromatin acces-
sibility across 164 output nodes or cell types. Peaks from different cell types are greedily
merged together to form 600bp sequences. To do this, peaks are first extended from mid-
point to form peaks of length 600bp. Peaks that overlap by at least 200bp are then merged
together. The activity of a peak is equal the union of peak activity across all 164 cell
types. Negative instances are sequences inaccessible in some cell types, but accessible in
others. Wnuk et al. [201] also uses the Basset approach for data set construction and
training. However, unlike Basset, the dataset produced is based on both DNase-seq and
RNA-seq data. The model predicts chromatin accessibility while being implicitly informed
about tissue or cell state through gene expression. A vector of gene expression values is

concatenated to the output of the convolutional layers of the network, in a similar way as
ChromDragoNN [165].

Another method for the construction of input involves the division of the genome into
bins, where depending on the problem formulation bins that are accessible or bound are
given a value of 1, and 0 otherwise. DeepSea [285] and DanQ [197], for example, bin the
genome into non overlapping 200 bp intervals. Due to their multi-task formulation, each
bin is associated with a 919 length binary target vector of chromatin features. Chromatin
features include chromatin accessibility, TF binding and histone modifications. Only bins
with at least one TF binding event are included in the analysis, making up 17% of the
genome. The 200 bp bins are then extended by 400 bp in each direction. Other approaches
have proposed the use of overlapping bins. For instance, to predict binding of various TF's
in a specific cell type, FactorNet [195] bins the genome into 200 bp intervals with 50 bp
increments. The data is balanced by randomly selecting an equal number positive and
negative bins per epoch. ChromDragoNN [165] and Bichrom [231] adopt a similar binning
approach to FactorNet; dividing the genome into 200bp and 500bp bins respectively with
steps of 50bps for the prediction of chromatin accessibility in various cell types. Finally,
Phuycharoen et al. [192] proposed the setting of bin size as a hyperparameter varying
between 200 and 2000 nucleotides, instead of having a set value for bin size.

There can also be variations in the output data representation. For example, it can
be in the use of quantitative [253, | versus binary genomic profiles [0, 92, , ] to
represent TF binding. Instead of predicting 1 or 0 for whether or not a genomic region
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is bound, DeFine [253], for example, formulates a regression model for the prediction of
real-valued TF binding intensities. Another instance is the use of a many-to-many deep
learning framework to obtain a single nucleotide base resolution [15, 143] versus a many-
to-one framework [0, 92, , , , ].

Additionally, some of these approaches, such as FactorNet [195], ChromDragoNN [165],
MTTFSite [286] and Leopard [113], have explored the integration of multiple datasets,
such as ChIP-seq for TF binding sites, DNase-seq for chromatin accessibility and RNA-
seq for gene expression, to increase their understanding of the dynamics of transcriptional
regulation. Moreover, all the previous methods mentioned in this section have included
the reverse complements of the sequences in their analysis. All methods have also used
one-hot encoding representations of their input data, such that each nucleotide is encoded
as a binary vector, with A =[1,0,0,0], C' =10,1,0,0], G =[0,0,1,0], and T" = [0, 0, 0, 1].

2.5.3 Regularization

An essential issue in learning is the construction of learning algorithms that perform well
not only on the training data, but on new unseen test data as well. One way to achieve this
is by understanding the bias-variance trade-off of the model [33]. An algorithm with high
bias, for example, has a strong preconception of the training data, and thus will underfit,
or not properly fit, the training data. Conversely, an algorithm with high variance will
precisely fit the training data, and often leads to the model learning the noise and irreg-
ularities of the training data, or overfitting. In both cases of underfitting and overfitting,
the model has high generalization error, meaning it performs poorly on new unseen data.
Underfitting is often addressed by increasing the complexity of the model, while overfitting
typically requires the use of regularization methods.

Regularization refers to the use of any methodology explicitly designed for the reduction
of the generalization error [33, ]. A commonly used regularization method is weight
regularization, such as L1 or L2 regularization, where a penality, computed based on model
weights, is added to the loss objective function. Penalizing the model decreases the model
complexity by shrinking the weights of the model. Another popular strategy is dropout,
which involves the probabilistic removal of some outputs from the layers of the network [96].
Other methods include constraining model weights to a specific range, adding statistical
noise to training data, increasing the amount of training data via data augmentation, or
early stopping — that is stopping model training when the validation performance starts to
decrease. Overall, regularization methods may either reduce model complexity or increase
the number of training instances to combat overfitting. One method, or a combination of
methods, are usually adopted for the regularization of deep learning architectures for the
prediction of TF binding sites.

2.5.4 Loss Function

The loss function is central to any gradient-based learning algorithm. Loss functions mea-
sure the difference between expected and predicted output; the goal is to minimize the
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loss. The gradients are derived using the output of the loss function to update the model
parameters/weights. In the case of binary or multi-task models, the majority of the pro-
posed approaches, such as DeepBind [6], Basset [120] and DeepSEA [285], have trained
their models under the maximum likelihood framework using either cross-entropy or nega-
tive log-likelihood loss. Both loss functions produce equivalent results. In PyTorch [183], a
popular machine learning framework, applying cross entropy to the final layer is equivalent
to applying negative log-likelihood to the final log-softmax layer [182]. The cost function
for binary cross entropy is:

C = —% Z[yl log(o(a;)) + (1 — y;)log(1 — o(as))]

where o is the sigmoid function o(z) = 1/(1 4+ e7%), C is the cross-entropy loss, N is
the number of instances, y; is the actual label of instance i, and o(a;) is the predicted
probability of instance i. Each predicted probability o(a;) is compared to the actual true
label y;.

2.5.5 Class Imbalance

Imbalanced classifications problems are those where one class accounts for the vast ma-
jority of instances [75, , ]. Since TF binding or chromatin accessibility cover a
relatively small portion of the genome in any given cell type, there is potential for high
class imbalance. Deep learning methods rely on optimization methods for learning. With
high class imbalance, errors from the minority class have little to no impact on the output
of the loss function, as the model is mainly focusing on the majority class. One way to
deal with class imbalance is via weighing the instances [75, , ]. All instances usually
contribute equally to the overall loss. Here, however instances are weighed according to
the class they belong to. In the simplest approach, instances that belong to the minority
class are individually weighted higher than instances from the majority class, so that col-
lectivity minority and majority classes have the same total weight. This technique works
best with multi-class or binary classification problems. However, it is more difficult to
apply to multi-task/multi-label problems. Another class balancing technique involves the
oversampling of the minority class or the undersampling of the majority class.

Several methods have been proposed to mitigate the imbalance problem faced specifi-
cally in the prediction of TF binding sites or accessible regions along the genome. Some
methods, such as Basset [120], DanQ [197] and FactorNet [195], rely on evaluation metrics
such as the area under the precision-recall curve (AUPRC) to deal with class imbalance
when training the model (see next section). Data used represents actual genomic data with
roughly 1 bound/accessible to 1000 unbound/inaccessible regions. In contrast, DeepSEA
does not address class imbalance and only uses the area under the receiver operating char-
acteristic curve (AUC) to train and evaluate their model [285]. The authors of DeepSEA
claimed that the class imbalance problem is dealt with by their multitask model. However,
DanQ in future work invalidated their claim. Other approaches, such as DeepBind [0]
and MTTFSite [286], circumvent the class imbalance problem as they generate the same
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number of negative unbound examples as positive bound examples. With DeepBind, an
unbound region is constructed for each bound region via shuffling the dinucleotides in the
corresponding bound region. MTTFSite, on the other hand, extracts unbound regions with
similar dinucletiode compositions as bound regions from actual DNA sequences — making
sure that the unbound region do not overlap any of the bound regions.

However, having the same number of bound and unbound regions does not reflect the
actual genomic nature of the data. The predictive model may have poor generalization
performance. Additionally, the sole reliance on AUPRC is an insufficient solution for
this issue. Consequently, alternative approaches including the upsampling of bound or
accessible regions [165, , |, which leads to data duplication, or the downsampling
of the unbound regions [170], which leads to data loss, have been proposed. Another
sampling strategy takes into account the instances selected per training batch — where
only bound/accessible regions or only inaccessible regions are selected per batch [231].

2.5.6 Performance Evaluation

The prediction of TF binding sites or chromatin accessible regions along the genome is
usually depicted as a binary classification problem; that is each instance could either be
bound/accessible or unbound/inaccessible. Different evaluation metrics could be used to
evaluate model performance. The selection of the evaluation metric greatly depends on
whether the data is balanced or not.

In DeepBind, for example, the area under the receiver operating characteristic (ROC)
curve is used [6]. The ROC curve is a probability curve that displays the relationship
between the true positive rate (TPR, also known as sensitivity or recall) and the false pos-
itive rate (FPR) at various thresholds. Sensitivity examines the fraction of truly predicted
bound regions (true positives) out of all the bound regions, while FPR is the number of
incorrectly predicted unbound regions (false positives) out of all the unbound regions (false
positives and true negatives).

The aim is to have a higher sensitivity and lower false positive rate. In DeepBind, the
input data per model is balanced, meaning the number of positive (bound) and negative
(unbound) instances are equal. As such, the area under the ROC curve (AUC) is a good
metric to use. However, in case of imbalanced data, which is usually the case with the
TF binding prediction problem, the area under the precision-recall (AURPC) curve is
usually used [120), , , |. The precision metric measures the ability to identify
only bound/accessible regions. Mathematically, it is defined as the number of true positives
divided by the number of predicted positives. In AUPRC, both precision and recall deal
with the positive class — which is the minority class in the TF binding site prediction
problem. The AUC metric, however, examines the true negatives — which is the majority
class, as well as the positive class. As a result, some methods address the class imbalance
issue by using the AURPC metric when training the model, as described in the previous
section.
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2.5.7 Transfer Learning and Multi-task learning

Transfer learning is typically used to save significant amount of computation, or due to
the lack of data available to train the whole model. It is the process of using knowledge
acquired from training a model on one task to solve another related task [171, 178]. This is
contrary to traditional learning, where learning is isolated and knowledge is neither retained
nor transfered between models. In transfer learning, a base network is first trained on a
general available dataset, such as CIFAR-100. The learned features from the pre-trained
model are then transferred to another network which is trained on another related dataset.
Thus, the learning of the new task depends on previously learned tasks. There are two
main transfer learning strategies. One involves the use of off-the-shelf pretrained models,
where a pretrained network without the final layer is used. The other involves the fine
tuning of the pretrained network, where not only is the final layer removed but select
layers in the pretrained network are retrained.

Multi-task learning (MTL) is a form of inductive transfer which enables simultaneous
learning of tasks in a model for an improved generalization performance [13, , ].
Parameter sharing of hidden layers across all tasks enables the model to learn a shared
and better representation of the related tasks and reduces the chances of overfitting. MTL
increases the sample size used for training, meaning that there is more data to work with,
and thus assists the model in focusing attention on shared features that matter to all tasks.
There can also be two main learning methodologies in the multi-task formulation: fully
shared model versus shared-private model [13, , 286]. Fully shared indicates the use of
one model to extract features from all tasks such that the tasks share the same parameters,
while shared-private proposes the use of both an independent model per task as well as a
shared model for all the tasks.

There are many applications of MTL in genomics. For example, in methods such
as DeepSea [285] and DanQ [197], the prediction problem is formulated as a multi-task
problem for the simultaneous prediction of 919 chromatin features, such as TF binding,
chromatin accessibility and histone modifications, per genomic region. As mentioned in
section 2.5.2; a value of 1 is indicative of a bound or accessible region, and 0 otherwise.
FactorNet [198], which is an extension of DanQ [197], trains a model for each cell type to
predict binding across various TF's. In another multi-task formulation for the same predic-
tion problem, AgentBind predicts the binding of a TF across a variety of cell types [282].
Similarly, as previously mentioned, Basset predicts chromatin accessibility for multiple cell
lines. Thus far, the methods discussed use fully shared learning formulations. MTTFSite,
on the other hand, uses a shared private model for the prediction of TF binding across
various cell types [280]. Using such a formulation, the model is able to learn common
features as well as cell type specific features, for ultimately the prediction of binding sites
in cell types with no data.

The scarcity and expense of data collection and acquisition has also led to combining
transfer learning with MTL as an alternative to traditional learning methods in the predic-
tion of genomic features, such as chromatin accessibility and TF binding sites, along the
genome. For example, for a more cell type specific prediction of chromatin accessibility,
ChromDragoNN [165] adopted a two-step training transfer learning strategy. Firstly, a
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multi-task ResNet model, where the pretrained model is trained on one hot encodings of
input DNA sequences to predict chromatin accessibility across various cell types. This is
followed by the fine-tuning of the pretrained ResNet model — the pretrained model is used
to train the second stage model for the prediction of chromatin accessibility in a specific
cell type. The convolutional layers of the pretrained model are selectively retrained — the
layers may or may not be frozen during training. Similarly, Novakovsky et al. [170] utilize
a two stage learning process for the prediction of TF binding sites across multiple TFs. A
multi-task model is first trained to predict binding across various TFs. Then, in the fine-
tuning step, the weights from pretrained multi-task model are used to initialize single-task
models for the prediction of binding for individual TFs. Unlike ChromDragoNN, which
uses transfer learning to learn cell type specific chromatin information, the authors here use
transfer learning to obtain improved performance and more refined features of the binding
motif for the TF in question.

Transfer learning can also be used as a method of regularization in genomics — such that
hidden variables of a larger dataset are used to regularize training of a smaller dataset.
For example, in the prediction of the differential binding of the TF MEIS across three
tissues, Phuycharoen et al. [192] first formulate the problem as a regression task, where a
convolutional model is trained on DNA sequences to predict amount of binding across all
tissues. Then, to regularize the model, the weights of the pretrained model are transfered
to another model for the classification of differentially bound regions across the tissues.

2.5.8 Hyperparameter Optimization

Hyperparameters are adjustable training variables that require to be manually set with
pre-determined values before training. Different problems require different combinations
of hyperparameters. Finding the best set of hyperparameters is a crucial step when training
a model as it can greatly impact performance. Hyperparameter tuning (or hyperparameter
optimization) is defined as finding the best configuration of hyperparameters for a machine
learning model that will result in the best performance on the validation set [103, 270]. In
a neural network, hyperparameters consist of model design variables, such as the number
of hidden layers and the loss function, and training algorithm variables, which determine
how the model is trained, such as the learning rate and dropout rate.

Hypeparameter tuning is formulated as an optimization problem, where given a set
of hyperparameters, the objective is to obtain the best hyperparameter configuration to
help minimize the loss or maximize the accuracy. A naive approach is to manually select
and test hyperparameters iteratively until exhaustion or satisfaction. However, the lack of
reproducibility, inefficiency when dealing with high dimensional data, and need for expert
knowledge, have resulted in methods for the automatic calibration of hyperparameters
[33, 34]. Grid search, for example, involves training and testing every possible combination
of hyperparameters from a grid of hyperparameter values. This approach, however, results
in exponential growth — becoming exponentially computationally intensive (in terms of
time and resources) as the number of hyperparameters increases. An alternative method is
random grid search which selects random combinations of hyperparameters from the grid
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of hyperparameters [33, 34]. This improves the efficiency as good hyperparameters are
often found in fewer iterations than exhaustive grid search.

Automatic hyperparameter calibration methods have been used in the prediction of
TF binding sites. The hyperparameters can include the kernel size (motif detector length),
number of filters (number of motif detectors), learning rate, learning momentum, batch
size, dropout rate and the initial weight scale (how the weights are initialized) [6]. Deep-
Bind, one of the first deep learning methods for TF binding, used a random grid search
hyperparameter tuning approach. Here, 30 sets of random hyperparameters were first se-
lected. Each hyperparameter set was then evaluated using 3-fold cross validation on the
training set. The score of the hyperparameter set was the average of the three validation
performance values. The hyperparameter set with the highest cross validation score was
chosen, and the model was finally trained on the entire training data with the best hyper-
parameters. Other approaches, such as DeepRAM [215], DESSO [269], ChromdragoNN
[165], Phuycharoen et al. [192] and Biochrom [231], use a similar hyperparameter opti-
mization approach to DeepBind. In some methods, such as DeepSEA and MTTFSite, it
was unclear what hyperparameter optimization method was used.

Grid and random search are not always optimal in terms of hyperparameter selection.
With random search, for example, finding the best combination is not guaranteed since
not all hyperparameter combinations are tested. Additionally, both grid search and ran-
dom search are uninformed about past hyperparameter selections — thus making them less
efficient. As a result, a more guided and efficient method known as Bayesian optimization
is used [11]. Here, prior belief about the objective function is incorporated. The prior
is updated with samples drawn from the objective function to get a better posterior ap-
proximation — that is a better hyperparameter configuration. Models, such as Gaussian
processes, random forests and tree Parzen estimators, are often used to approximate the
objective function, and referred to as the “surrogate” models. A surrogate model balances
between exploring unexplored areas of the hyperparameter space and exploiting areas with
the best hyperparameter configuration thus far. In general, Bayesian optimization is able
to keep track of the hyperparameter tuning history of the model, and examine past hyper-
parameter configurations to choose the next configuration. Basset [120] and AI-TAC [157]
also used Bayesian optimization for hyperparameter selection.

2.5.9 Interpretation Techniques

Transparency and trust, as well as robustness and reliability, are all important factors to
consider when dealing with learning algorithms [9, 67]. The deployment of deep learning
algorithms in a wide range of applications, such as self-driving cars, medical prognosis
and image recognition, has made the explaining of their predictions of vital importance.
However, it remains difficult to understand the inner workings of deep networks due to
their black box nature. In genomics, for example, deep learning is used for the prediction
of TF binding sites along the genome; how and why these specific sites are selected, as
well as what the motif patterns are, remains unclear. As a result, recent progress to
explain model predictions has been made by the development of various interpretation
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techniques. In this section, we explain the different types of interpretation approaches
used to explain and validate that deep neural networks (DNN) are learning biologically
relevant representations in the prediction of TF binding sites.

Convolutional filters

A common and simple strategy to understand what a CNN is learning is to visualize the
convolutional filters. As previously discussed, convolutional filters detect spatial patterns
in the input data. CNNs learn multiple filters simultaneously which convolve feature maps
or input data from previous layers. Typically, in image recognition, producing feature
maps is straightforward — it involves visualizing weights produced after applying a filter
to an input image. In genomics, however, more specifically the prediction of TF binding
sites, visualizing filters consists of more steps.

Many approaches, such as DeepBind [(], Basset [120], DanQ [197], FactorNet [198],
TBiNet [180], Novakovsky et al. [170] and AI-TAC [157], have used the method of visual-
izing convolutional filters to discover motifs learnt by their deep learning approaches. The
aim is to identify the learned motifs associated with the filters. As such, each convolutional
filter is converted to a position weight matrix (PWM). One way to do this is to first select
sequences that activate each filter. Next, these sequences are used to construct position
frequency matrices and PWMs for each filter. A tool such as Tomtom [90] is then usually

used to search for motifs corresponding to the PWMs from a database of known motifs,
such as JASPAR [217].

Here, filters from the first convolutional layer are usually assessed — as they deal directly
with input data. A CNN that consists of fewer layers is forced to learn more interpretable
whole motifs in the first layers [121]. With deeper models, a more distributed representation
of the sequence motifs is learned by learning partial motifs at each layer. Thus, the
visualization of filters from deeper layers is challenging and not yet explored.

Although visualizing convolutional filters is beneficial, solely depending on convolu-
tional filters to interpret what the network is learning is insufficient. Studies have shown
that architectural choices, such as max-pooling and filter size, impact the sequence repre-
sentation of the learned motifs [1241]. For example, the larger the max-pool size, the better
representation of motifs is learned. As such, different approaches such as attribution based
methods have been proposed.

Perturbation-based attribution methods

Another paradigm in the interpretability of DNNs are perturbation-based approaches,
where the input of a model is modified and the change in output is measured. Modifi-
cations in input depend on the data type in question, and could thus include perturbing
nucleotides in a DNA sequence, modifying pixels in an image or words in a sentence. Per-
turbation was first introduced in the world of image recognition by Zeiler and Fergus [271],
where they occluded parts of input images using grey masks to reveal parts of images
important for classification. Since then, perturbation-based methods have been improved
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[78, 79, , , | and applied to other fields, such as natural language processing and
genomics. A recent survey investigating the application of perturbation-based approaches
to different data types, such as video, image and text, is outlined here [105].

The difference in output between original and perturbed input assists in highlighting
the parts of the input essential for prediction. If important parts of the input are per-
turbed, the output of the model is greatly impacted. Conversely, if non-essential parts are
perturbed, the output of the model is unaffected. The idea is to evaluate the impact of
small modifications in input on output.

A common challenge across domains, such as image classification, natural language
processing and video recognition, is computational efficiency. As the number of dimensions
increases, the more challenging it is to perturb all possible positions as well as different
combinations of positions in the input [105]. As such, selecting the optimal set of positions
with greatest impact on output can be difficult. Another potential issue is its susceptibility
to saturation, meaning some changes in input may not be reflected in the output, indicating
that some inputs are irrelevant for prediction when actually relevant [3, 9, |. For
instance, suppose a neuron encodes a logical OR for several of its input features. For many
of its input patterns, changing any one of the features has no effect on the output, such that
all features are deemed irrelevant (for that feature vector), although this is clearly untrue.
However, due to its advantageous nature in being model agnostic, reliable and less noisy
than other approaches, such as gradient-based approaches [9, , |, perturbation-based
methods have been used in various applications [9, .

Here, we are particularly interested in the application of perturbation-based methods
in genomics, more specifically to infer TF binding sites or regions of accessibility along the
genome. In a method known as in-silico mutagenesis, the gold standard for interpretability
in genomics, approaches such as DeepBind [0] and DeepSEA [285] computationally assess
the impact of perturbing every nucleotide in an input DNA sequence on the prediction
of TF binding sites or chromatin accessibility respectively. To then compute the effect
of nucleotide substitutions on output, one could use the difference between probability

scores of perturbed and original sequences [0], or the log2 fold change of odds between
the two scores [285]. Additionally, mutation maps are used to visualize the effect of all
possible mutations across an input sequence [285]. The 4 x n mutation map, where n is

the length of the sequence and 4 is the number of DNA nucleotides: (A, C, G, T), conveys
how important each position along the sequence is by showing the increase or decrease in
probability score [0, 285].

Gradient-based attribution methods

For comparison purpose, we will briefly discuss other attribution-based approaches referred
to as gradient-based approaches. These methods rely on the gradient of the output with
respect to the input to compute importance scores per nucleotide per input position for
a given sequence. Thus, with a single forward and backward pass through the network,
gradient-based methods are able to produce a nucleotide-resolution map of the importance
scores of all the nucleotides across the entire sequence (similar to mutation maps in the
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previous section). In this class of approaches, the different algorithms proposed, such
as gradients to inputs (saliency maps) [224], guided back-prop [230], integrated gradients
[238], Deeplift [221] and SHAP [151], differ in the way gradients are computed.

Global interpretability methods

Thus far, the attribution-based methods discussed focus on the local interpretation of the
input, meaning it focuses on interpreting one sequence at a time to get perturbation or
importance scores at individual bases along the sequence. A positive score suggests that
the base contributes to the binding of the TF, while a negative score indicates that the
base inhibits binding.

However, analyzing one sequence at a time may give an incomplete picture. Moreover,
most gradient-based approaches, except for Deeplift, fail the sanity check — which tests
whether importance scores produced by the various methods change when the input is
randomized and the network output changes. This suggests that these scores may be bi-
ologically irrelevant at times [3, , |. Thus, there has been interest in analyzing all
motif patterns across all sequences [9, , , |. This is known as global interpretabil-
ity — where the goal is to understand the overall behaviour of the model. When examining
the patterns produced by all input sequences, bias and noise can be then be accounted for.

An example of a global interpretability method, discussed earlier in this section, is the
visualization of individual convolutional filters. As previously mentioned, most methods
usually assess filters from the first convolutional layer of the network, so the distributed
representations of the motifs are rarely accounted for. Additionally, however, a network
with fewer layers is able to learn full motif patterns in the first layers of the network [124].

Visualizing convolutional filters in deep CNNs may lead to hampered interpretability,
as redundant partial motifs are often found. As result, other methods such TF-MoDISco
(Transcription Factor Motif Discovery from Importance Scores) [221] and GIA (global
importance analysis) [125, | have been proposed. In TF-MoDISco, for example, the
first step is to obtain importance scores per nucleotide per sequence using one of the
gradient-based approaches. Next, TF-MoDISco identifies segments (referred to as seqlets)
from the input sequences with high importance scores, and clusters the seqlets into groups
with similar patterns of activity. Despite the advantageous nature of TF-MoDISco in motif
discovery [15, , , , |, it was not used for aim 3 due to its extremely high memory
requirement of 250 GB. Another approach, GIA, relies on perturbation-based methods. It
begins by inserting certain motif patterns in the input sequences, producing two groups
of sequences: synthetic sequences (with the motif pattern) and original sequences (with
no motif pattern synthetically inserted). After performing in-silico mutagenesis on the
original and synthetic sequences, GIA then quantifies the change in prediction across all
input sequences caused by inserting the motif. That is, it finds the average effect of
inserting the motif across input sequences.

33



2.6 Recap of knowledge gaps

Deciphering the complex interplay of protein-DNA interactions along the genome is of
critical importance. The advent of high throughput sequencing technologies and the devel-
opment of advanced computational methods have increased our understanding of molecular
processes genome wide. There are limitations to these methods and technologies, however.
In this thesis, we address three main issues that arise in the study of transcriptional regu-
lation, more specifically in the use of ChIP-seq data to identify DNA-protein binding sites
along the genome. The objective is to systematically explore distinct patterns observed
in ChIP-seq data, in terms of bias and noise, as well as TF cell type specificity and motif
enrichment.

The first part of the thesis involves the study of the biases and noise associated with
ChIP-seq experiments. ChIP-seq is a popular high-throughput genome profiling technology
used in the study of TFs. As with any high throughput sequencing technology, ChIP-seq
data is prone to noise and bias. Accounting for these artifacts is essential for obtaining
high quality reproducible data, as not accounting for bias produces misleading output.
One way to alleviate the noise and bias in the data is via the incorporation of control data
sets in the ChIP-seq analysis [72, 91, , , , , |. Whether biases in controls
and ChIP-seq data are the same is not known, however. Different types of bias exist in
different ChIP-seq experiments. Many existing peak calling methods do not select controls
that best model the background signal of a ChIP-seq experiment, or estimate the ChIP-
seq background signals. The use of different controls for the same ChIP-seq experiment
can produce inconsistent results. Depending on which controls are used, different aspects
of the ChIP-seq bias may be accounted for. Some studies, such as BIDCHIPS [200],
CloudControl [97] and AlControl [93], have shown that different ChIP-seq datasets can
be biased in different ways. They showed that enrichment analysis was improved via the
integration of multiple control datasets through regression. BIDCHIPS, for example, re-
prioritizes peaks already identified by another peak calling method. However, it accounts
for only five types of non-binding background influences and does not provide a method
to call peaks on the combined control. AlControl, a peak calling method which is an
extension of CloudControl, integrates a set of publicly available controls datasets and uses
ridge regression to model the background signal. The need for users to input controls is
removed. However, users may want to input their own controls, and AIControl does not
accommodate for that option. Moreover, as the number of datasets increases in ENCODE,
the option to allow for controls as input in a weighted peak caller becomes more imperative
to better represent the newly available data. Consequently, in Chapter 3, I introduce a
peak calling algorithm, Weighted Analysis of ChIP-Seq (WACS), which utilizes “smart”
controls to model the non-signal effect for a specific ChIP-seq experiment.

Another aspect I explore in this thesis is the ability to uncover cell type specificity of TF
binding from the ChIP-seq data. TFs may bind to different regions of the genome in various
cell types or tissues. Mechanisms, such as variations in chromatin accessibility, alternative
splicing or cooperative binding, may influence a TF’s binding preference, leading to a
DNA signature of differential binding. I develop a deep learning approach, called SigTFB
(Signatures of TF Binding), to detect and quantify the degree of cell type specific DNA
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signatures for hundreds of TFs. The interest is in binding that makes itself shown through
some kind of DNA sequence preference. It is important to note that the deep learning
approaches discussed in this chapter address a different problem from that of SigTFB. Many
methods, such as DeepBind [(] and DanQ [197], solely focus on the optimization of the
prediction of TF binding sites. In SigTFB, however, we are not interested in performance in
terms of peak prediction as the input peaks are already experimentally measured. Instead,
the interest is in developing a supervised learning system to identify sequence features for
a specific TF to distinguish binding in one cell type versus another. Moreover, although
some deep learning methods, such as MTTFSite [286] and Phuycharoen et al. [192], also
explore the differential binding of TFs across cell types, their problem formulation and
objectives fundamentally differ. MTTFSite, for example, defines shared non-unique cell
type instances as bound regions that overlap by at least 100bp across cell types, while
the remaining that do not overlap as cell type specific. In the case of SigTFB, the model
is given all instances as input and learns to differentiate between non-specific versus cell
type specific instances. Unlike other methods, the SigTFB model is able to discriminate
between shared and unique motifs in cell types from only bound regions. In SigTFB,
negative unbound instances in one cell type are bound in others, while for MTTFSite [250]
and Phuycharoen et al. [192], negative instances are unbound regions in all cell types.
Moreover, SigTFB conducts wide scale analysis, where all TFs in ENCODE with at least
more than 2 cell types available are explored, whereas MTTFSite [2806] and Phuycharoen
et al. [192] investigate TFs in a total of 5 and 3 cell types respectively.

Finally, to further explain the biology behind a TF’s cell type specificity, a wide scale
motif enrichment and gene expression analysis of the TF's in question is conducted. The
aim here is to identify unique patterns that drive cell type specificity in certain cell types
versus others for a specific TF.
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Chapter 3

WACS: Improving ChIP-seq Peak
Calling by Optimally Weighting
Controls

This chapter includes the contents of “WACS: improving ChIP-seq peak calling by opti-
mally weighting controls” by Awdeh, Turcotte and Perkins published in BMC Bioinfor-
matics 2021 [16]. WACS source code is available at https://github.com/aawdeh/WACS.

3.1 Author Contributions

Aseel Awdeh devised a method to tackle the noise and bias in ChIP-seq, wrote the software
implementation, conducted all the experiments and wrote the manuscript, all with input
and guidance from Theodore J Perkins and Marcel Turcotte.

3.2 Overview

Chromatin immunoprecipitation followed by high throughput sequencing (ChIP-seq), ini-
tially introduced more than a decade ago, is widely used by the scientific community to
detect protein/DNA binding and histone modifications across the genome. Every experi-
ment is prone to noise and bias, and ChIP-seq experiments are no exception. To alleviate
bias, the incorporation of control datasets in ChIP-seq analysis is an essential step. The
controls are used to account for the background signal, while the remainder of the ChIP-
seq signal captures true binding or histone modification. However, a recurrent issue is
different types of bias in different ChIP-seq experiments. Depending on which controls are
used, different aspects of ChIP-seq bias are better or worse accounted for, and peak calling
can produce different results for the same ChIP-seq experiment. Consequently, generating
“smart” controls, which model the non-signal effect for a specific ChIP-seq experiment,
could enhance contrast and increase the reliability and reproducibility of the results. We
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propose a peak calling algorithm, Weighted Analysis of ChIP-seq (WACS), which is an ex-
tension of the well-known peak caller MACS2. There are two main steps in WACS: First,
weights are estimated for each control using non-negative least squares regression. The
goal is to customize controls to model the noise distribution for each ChIP-seq experiment.
This is then followed by peak calling. We demonstrate that WACS significantly outper-
forms MACS2 and AlControl, another recent algorithm for generating smart controls, in
the detection of enriched regions along the genome, in terms of motif enrichment and re-
producibility analyses. This ultimately improves our understanding of ChIP-seq controls
and their biases, and shows that WACS results in a better approximation of the noise
distribution in controls.

3.3 Background

High throughput sequencing technologies help in uncovering the mechanisms of gene reg-
ulation and cell adaptation to external and internal environments [20, ]. One widely
used technology is chromatin immunoprecipitation followed by next generation sequencing
(ChIP-seq). It allows the genome-wide investigation of the structural and functional ele-
ments encoded in a genomic sequence, such as transcriptional regulatory elements. The
main goal of a ChIP-seq experiment is the detection of protein-DNA binding sites and
histone modifications genome-wide in various cell lines and tissues. Many peak calling
methods have been proposed for the identification of regions of enrichment (putative bind-
ing sites) in ChIP-seq data [24, , , , 259].

Every experiment is prone to noise and bias, and ChIP-seq experiments are no excep-
tion. While some read pileups correspond to regions of true enrichment, others may be
a result of the distortion of the ChIP-seq signal. Biased or noisy datasets (with a high
number of false negative or false positive peaks) negatively impact downstream biological
and computational analyses [156]. Thus, accounting for both noise and bias is important.
Existing peak callers generally account for noise by assessing statistical significance under
some statistical model. Bias is a more complicated subject and is usually addressed ex-
plicitly only via some control data to which the ChIP-seq is compared. We return to the
issue of controls shortly.

There are many sources of bias in a ChIP-seq experiment. In the experimental design,
for example, the quality of the experiment is predetermined by antibody and immunopre-
cipitation specificity. Low sensitivity, resulting from poor affinity to the target protein of
interest, or low specificity, from cross reactivity with other unrelated proteins, degrades the
quality of a ChIP-seq experiment [135]. The fragmentation step may also introduce bias
[162]. Prior to immunoprecipitation, the DNA-protein complexes undergo fragmentation.
However, due to the non-uniform nature of the chromatin structure (DNA), some regions
are more densely packed (heterochromatin) than others and are thus more resistant to
fragmentation. Less densely packed regions (euchromatin) will undergo more fragmenta-
tion. Another source of bias is mappability, which is the extent to which reads are uniquely
mapped to regions along the genome [117, |. In an ideal situation, long enough reads
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are used such that there is higher coverage and uniformity in coverage. However, in prac-
tice, read length is short and there are “ambiguous” reads that map to multiple regions.
Such multiply mapped reads can either be retained (creating ambiguous ChIP-seq signal)
or discarded (creating empty, unmappable regions), with either choice creating a different
sort of bias. GC content bias [29, |, introduced by PCR amplification or sequencing,
also results in imbalanced coverage of reads along the genome. For example, in PCR am-
plification, both GC rich and GC poor fragments are underrepresented in sequencing data
[29]. These variations in coverage can have a significant impact on the results obtained.

Systematic and experimental biases hinder the full potential of ChIP-seq analysis. Thus,
the quality of the input samples is important, especially in large scale analysis where low
quality datasets have greater effects [150, ]. Consequently, more than a decade after
ChIP-seq was introduced, the ENCODE and modENCODE consortia developed a set of
ChIP-seq quality control metrics and guidelines to produce high quality reproducible data
[135]. The protocols address all the stages of a ChIP-seq experiment, as bias and noise
may be introduced at various stages, such as experimental design, execution, evaluation
and storage methods [162].

One essential step for the alleviation of bias is the incorporation of control datasets
in ChIP-seq analysis. It assists in the selection of true enrichment binding sites from
false positives. Controls, such as input DNA and IgG, attempt to minimize the effects
of immunoprecipitation, antibody imprecision, PCR-amplification, mappability bias, etc.,
and thereby increase the reliability of the results. In the input DNA, using the same
conditions as the original ChIP-seq experiment, the DNA undergoes cross linkage and
fragmentation. However, no antibody nor immunoprecipitation is used [135]. For the IgG
control, sometimes referred to as a “mock” ChIP-seq experiment, all the same steps and
conditions as the original ChIP-seq experiment are applied. However, a control antibody
(not specific to the protein of interest) is adopted to interact with non-relevant genomic
positions [135]. DNase-seq and ATAC-seq are used to tackle open chromatin regions.
According to ENCODE [135], the input DNA and IgG controls should have a sequencing
depth greater than or equal to the original ChIP-seq experiment. Higher sequencing depth
is recommended since input DNA signals represent broader genomic chromatin regions
than ChIP-seq [135, |. Other crucial factors addressed by the protocols include, but are
not limited to, biological /technical replicates and library complexity.

Many existing peak calling algorithms allow testing enrichment compared to a control
[72, 91, , , , , |. Whether biases in controls and ChIP-seq data are the same
is not known, however. None of these methods selects a control or estimates background
signals. Depending on which controls are selected and their nature, peak callers can pro-
duce different results (i.e., binding site positions) for the same ChIP-seq experiment. The
BIDCHIPS [200], CloudControl [97] and AlControl [98] studies have shown that different
ChIP-seq datasets can be biased in different ways. They address different biases in different
ChIP-seq datasets via the integration of multiple control datasets through regression to
improve enrichment analysis. There are some limitations to these studies, however.

For example, BIDCHIPS [200] has the ability to re-prioritize peaks already identified
by another peak calling method. However, only five types of non-binding background

38



influences are accounted for and there are no mechanisms for de novo peak calling based
on the combined control [200]. The Hiranuma et al. [97, 98] studies prove the advantage
of using more controls to model the background signal. In CloudControl [97], the controls
are subsampled in their regression fit proportional to their weights. This then allows the
single customized control to be used as input to any peak calling method. However, the
downsampling of the combined controls may introduce noise into the control signal.

AlControl [98], a peak calling framework, is an extension of CloudControl [97]. It inte-
grates a group of publicly available control datasets and uses ridge regression to model the
background signal. This eliminates the need for the user to input controls. However, some
users may want to provide their own controls, and this is not accommodated. Additionally,
the number of datasets in ENCODE increases with time, so allowing controls as input in
a weighted peak caller is important to represent the newly available datasets and newly
explored cell lines.

In this work, we introduce a peak calling algorithm, Weighted Analysis of ChIP-Seq
(WACS), which utilizes “smart” controls to model the non-signal effect for a specific ChIP-
seq experiment. WACS first estimates the weights for each input control, without requiring
the fine-tuning of any parameters. Using the weighted controls, WACS then proceeds to
detect regions of enrichment along the genome. WACS is an extension of MACS2.1.1
(Model-based Analysis for ChIP-Seq) [280], the most highly cited open source peak caller.
Our development of WACS based on MACS2 allows researchers to use the weighted ap-
proach within a peak calling method with which they are familiar, and which has many
refined features. Fragment length estimation/detection, read shifting, candidate peak iden-
tification, and peak assessment remain the same, while the construction of the control via
the weighted combination of datasets is different. To allow for potentially large numbers of
controls, we restructure the code invisibly for better memory footprint. We also correct a
hashing bug in the pileup-computing code of MACS2, which becomes especially important
when we have high read depth and/or many controls. (This bug has subsequently been
corrected in the main MACS2 distribution as well.)

We evaluate WACS on a large collection of 90 ChIP-seq datasets and 147 control
datasets from the K562 cell line in the ENCODE database [56]. To establish general-
izability and study performance in a less expansive setting, we also investigate WACS on
20 ChIP-seq datasets for each of the A549, GM12878 and HepG2 cell lines. (The terms
ChIP-seq and treatment are used interchangeably throughout this chapter.) We compare
WACS to MACS2, as WACS is based on MACS2. We also compare WACS to AIControl,
as it is the only other weighted peak caller which intellectually selects its controls. The
results demonstrate the importance of smart bias removal methods and the use of cus-
tomized control datasets for each ChIP-seq experiment, as the amount of bias varies across
different ChIP-seq experiments. In the investigation of downstream genomic analysis, such
as motif enrichment and reproducibility, the use of weighted controls in WACS shows a sig-
nificant improvement in peak detection in comparison with the pooled unweighted controls
in MACS2 and weighted controls in AIControl.
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Figure 3.1: Flowcharts for WACS and MACS2. Both methods take controls and a treatment
as input.

3.4 Results

3.4.1 WACS: A new algorithm for ChIP-seq peak calling with a
weighted combination of controls

Our approach, WACS, estimates a background distribution by weighting controls, and
ultimately identifies regions of enrichment along the genome (Figure 3.1 and 3.2). Below
we describe the five major steps of the WACS algorithm. To implement WACS, we modified
a well-known open source algorithm, MACS2. Because there is limited written description
of how MACS2 works, we describe some parts of MACS2 to fully describe WACS. The
WACS algorithm is summarized into two parts: Derive Weights (Algorithm 1) and Peak
Detection (Algorithm 2).

3.4.2 Algorithm 1: Derive Weights

The control and treatment samples (in BAM format) are first preprocessed, as seen in
Algorithm 1. Using SAMtools [112], we index, sort and optionally filter (remove duplicates
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Algorithm 1 Derive Weights

Input: Control samples (BAM) and ChIP-seq sample (BAM)
Output: Weights per control

1: procedure DERIVEWEIGHTS

2 Index, sort and filter the BAM files.

3: Produce read counts per 200bp windows along genome.

4 Normalize control and ChIP-seq counts by reads per billion.

5 Compute control weights using non-negative linear least-squares regression

Algorithm 2 Peak Detection

Input Control samples (BAM), control weights, ChIP-seq (BAM)
Output Detected peaks

1: procedure PEAK DETECTION
> Compute ChIP-seq pileup and associated values

2: Read treatment sample.
3: Estimate/compute fragment length d based on treatment.
4: treatmentPileup <— Compute treatment pileup.
5: ABg + treatReadcount X d -+ genomeSize
6: LengthScales < [d, 1kb, 10kb]
> Initialize control pileup to zero at each length scale.
7 for <j=1%t03 > do
8: ControlPileup[j] + 0
> Read and accumulate each control.
9: for < each control ¢ > do
10: Read control ¢ into Fized Width Track;.
> Loop over length scales.
11: for < j=1to3 > do
> Compute scale factor.
12: sf < d + LengthScalelj] x (%%)

> Compute weighted pileup at this scale.
13: currentPileup < sf x controlWeight; x
BidirectionalExtendReads( Fized Width Track;,
LengthScales|j])
> Add into growing control pileup.
14: ControlPileup[j] < ControlPileup[j]+
currentPileup
> Find maximum control pileup.
15: Alocal  maximum of Agg and pointwise maximum
of ControlPileup at three different length scales
> Call peaks.
16: CallPeaks(treatmentPileup, Aocal)
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Figure 3.2: Flowchart for the estimation of weights per control.
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from) the BAM files (line 2 in Algorithm 1). We then use BEDtools [199] to convert the
BAM files of mapped reads into read counts per 200 base pair (bp) windows along the
genome with 50 bp increments (line 3 in Algorithm 1).

Next, WACS normalizes the mapped reads per window for the preprocessed control and
treatment samples. This ensures that the control and treatment samples are on the same
scale. ' WACS applies reads per billion normalization to both the control and ChIP-seq
samples (line 4 in Algorithm 1). For each sample m and window i:

Nmi — Tmi X 10° = Total ReadCount,y,

where r,,; is the read count in the window, n,,; is the normalized read count, and 7Total-
ReadCount,, is the total number of reads in sample m. This effectively reproduces the
normalization in MACS2, which linearly scales the control sample to the ChIP-seq sample.

In what follows, we assume k total controls comprise samples 1 to k, and sample k£ + 1 is
the ChIP-seq data.

WACS then calculates the weights per input control (line 5 in Algorithm 1). WACS
performs non-negative least squares (NNLS) to model the treatment dataset as a function of
the controls. The overall objective of the regression is to find the values of the parameters
(weights), that minimize the sum of squared differences between predictions and target
values, with an additional constraint that allows only positive weights. Given n instances
(windows), y; = ng41,; target values (one per window), z; = (ny,...,ny;) feature vectors
(one vector per window), a vector © of coefficient weights and a constant offset ©, NNLS’s
objective function is:

n

0,00 2n

=1
subject to © > 0
and Oy > 0

To solve the NNLS regression we rely on the nnls module from scipy.optimize, part
of the SciPy [250] package in Python. This produces a weighted control model for the
treatment, with weights that indicate the relative importance of each control in modelling
the treatment background signal. Zero weights are given to controls not required for
modelling the treatment experiment. If there is one control, WACS and MACS2 produce
the same output, as by default, the control in WACS gets a weight of exactly 1. The
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controls can also be weighted by the user, instead of using NNLS to compute the weights
of the controls.

3.4.3 Algorithm 2: Peak Detection

WACS is identical to MACS2 in its initial processing of the treatment sample, including:
loading the mapped reads (line 2); estimation/calculation of fragment length d, which
differs depending on whether the ChIP-seq reads are sequenced single-end or paired-end
(line 3); and construction of the treatment pileup, which also differs for single-end or
paired-end reads (line 4). Because these details have been described elsewhere, we do not
repeat them here [73, 74, 280].

Where WACS differs substantially from MACS2 is how it reads in, processes, and
combines the control samples. WACS reads the controls into memory one at a time,
accumulating them into overall (weighted) control pileups at three different length scales:
d, 1kb and 10kb. The length scale is essentially the diameter of a Parzen-windows density
estimator used to smooth the control reads. As each control is read in, it is smoothed, scaled
so that its total reads are commensurate with the treatment, and further scaled by the
control weight computed in Algorithm 1 (unless the user opts for unweighted controls). The
function BidirectionExtendReads performs the actual smoothing, extending the read starts
into intervals with diameter equal to the length scale. The smoothed and scaled control is
added to the growing overall control at that length scale. In contrast, MACS2 reads all the
control data in before beginning smoothing, which can create an unmanageable memory
footprint when very many controls are being combined. Finally, WACS (as does MACS)
creates an overall control pileup by taking the pointwise maximum of the “background”
read density Apg and the control pileups computed at each length scale.

Finally, WACS calls peaks using the same mechanism as MACS2, which involves identi-
fying candidate peaks and comparing the pileup heights at their summits with the control
track. In the case of unweighted controls, WACS produces an identical control track to
MACS?2 and identical peak calls. However, when control samples are weighted differently,
a different control track is produced and different peaks may be called. Each peak is asso-
ciated with a p-value and a g-value, the latter accounting for multiple comparisons across
the entire genome.

3.4.4 Duplicate removal.

Duplicate reads—multiple reads mapped to the same position on the genome—are often
due to the overamplification of DNA fragments by PCR, which leads to the repeated
sequencing of a DNA fragment. For WACS and MACS2, duplicate removal is optional. To
produce more reliable peak calls, MACS2/WACS remove redundant reads at each genomic
locus for both the treatment and control datasets [280]. The default number per genomic
locus is determined by the sequencing depth, which refers to the number of reads mapped
to a specific genomic location. However, when dealing with multiple controls, MACS2
performs duplicate removal after pooling reads. WACS does the same thing when used

43



in unweighted mode, for the sake of consistency with MACS2. In this case, apparent
“duplicates” arising from different sequencing runs may be removed incorrectly, artificially
flattening the control read distribution in high density areas. This phenomenon can be
particularly prominent when hundreds of controls are being pooled. Thus, we recommend
that users who want to perform de-duplication do so prior to feeding the mapped read files
to MACS2 or WACS.

3.4.5 Average number of peaks per algorithm and average per-
centage overlap between algorithms.

To evaluate the performance of WACS with other methods, we downloaded ChIP-seq
and control data for four cell lines: K562, A549, GM12878 and HepG2. For each ChIP-
seq sample, we generated peaks under five conditions: (1) MACS2 with all the controls
from the same cell line (All MACS2), (2) MACS2 with the matched ENCODE controls
(Matched MACS2), (3) WACS with all the controls from the same cell line (WACS), (4)
WACS with 10 randomly selected controls from the same cell line (WACS Random10) and
(5) AIControl with its predefined controls (AIControl). We also used two methods to study
the quality of peaks. “All Peaks” considers all the original peaks output by each method,
whilst “Standardized” peaks normalizes the peaks output by each ChIP-seq sample by
number of peaks and peak width. (See Methods)

In this section, we examine some basic statistics regarding the peaks generated by each
algorithm and their corresponding pairwise overlap with the other peak calling methods.
We focus on the K562 results in this and the following several subsections; results for
additional cell lines are reported further below. This will help us understand how different
the peak callers are. In Table 3.1, we report the average number of peaks output by each
algorithm across the different ChIP-seq datasets for all peaks and standardized peaks.

We notice that AIControl outputs the largest number of peaks—over seven times as
many peaks as WACS, and nearly 4 times as many as Matched MACS2. WACS outputs
the smallest number of peaks on average. Matched MACS2 and All MACS2 output ap-
proximately the same number of peaks, and roughly twice as many as produced by WACS,
while WACS Random10 generates a number of peaks intermediate between WACS and
MACS2. For standardized peaks, however, all algorithms have the same number of peaks
per dataset, which averages out to 12016.

In Table 3.2 and Table 3.3, we report the average percentage peak overlap between
each pair of algorithms across the ChIP-seq datasets, for all peaks and standardized peaks
respectively. More specifically, for every algorithm X (rows) and every other algorithm Y
(columns), we computed the percentage of X’s peaks overlapping any of Y’s peaks for each
of the 90 ChIP-seq datasets, and then averaged the percentages across the 90 datasets.
When considering all peaks, for example, 27.1% of the peaks generated by WACS overlap
with All MACS2 peaks. Most notably, less than 7% of the peaks generated by AIControl
overlap with peaks generated by the other algorithms. For the other pairwise combinations,
most overlaps are in the 30%-40% range. Conversely, in Table 3.3 for standardized peaks,
we notice an almost symmetrical matrix with an increase in percentage overlap across all
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algorithms, in comparison to Table 3.2. This is especially noticeable for AIControl, where
approximately 25% of the AIControl peaks now overlap with peaks generated by other
algorithms. All overlaps are in the range of 23%-43%.

The different number of peaks generated by each algorithm, and the resultant differences
in percentage overlaps, highlight the importance of standardizing the peaks to remove the
effect of the number of peaks in our analysis. Standardizing the peaks allows us to select
the top quality peaks for comparison.

Table 3.1: Average number of peaks

WACS Matched All
Type  WACS poldomlo MACS2 MAcsy ‘MControl

All Peaks 12457 17239 24422 26892 91113

Standardized 12016 12016 12016 12016 12016

Table 3.2: Average percentage of all peaks overlapping.

WACS Matched All

WACS pondomlo MACS2  MAcsg AlControl
WACS - 37.3 29.0 27.1 29.0
WACS
Random10 38.6 - 32.7 34.9 32.7
Matched
MACS2 31.9 35.0 - 37.9 31.0
All
MACS2 30.2 37.3 37.8 - 33.6
AlControl 6.5 6.3 5.0 5.5 -
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Table 3.3: Average percentage of standardized peaks overlapping.

WACS Matched All
WACS pondoml0 MACS2  MACsgy —‘Control

WACS - 42.0 37.7 3.6 25.1
R;}ZdAoCn?lO 20 - 39.5 42.7 25.0
hfﬁ%hses 377 394 ; 417 23.5
Mﬁ(lleQ 30.6 427 41.2 ; 24.3
AlControl 25.1 25.0 23.5 24.3 -

3.4.6 Peaks identified by WACS are more enriched for known
sequence motifs.

The purpose of ChIP-seq analysis is the identification of regions of enrichment, such as
transcription factor (TF) binding sites, along the genome. Thus, DNA binding motifs for
a TF tend to be enriched in genuine binding sites. To evaluate the performance of our
method in comparison to MACS2 and AIControl, we performed motif enrichment analysis
on the peaks. Adopting a similar method as in [98], we first used JASPAR to obtain
position weight matrices (PWMSs) for each unique TF [80]. Motifs in JASPAR are derived
from in vitro assays, such as SELEX, and in vivo high throughput sequencing experiments,
such as ChIP-seq or ChIP-exo [80]. (See Appendix Table A.5 for the PWM IDs per TF.)
Using PWMs as input, we then used FIMO (Find Individual Motif Occurrences) [30] in
the MEME suite [20] to scan the entire human genome GRCh38 and identify motif hits
genome wide with a cutoff of 1e-5 to define significant matches. In our analysis, peaks with
a motif are considered as true positives, while those lacking a motif hit are considered false
positives. We quantify motif enrichment for a particular set of peaks as the precision, or
equivalently the fraction of true positive peaks over total peaks.

Figure 3.3a and 3.3b display the motif enrichment for each of the 90 ChIP-seq datasets
for all peaks and standardized peaks respectively, when using WACS (blue line), WACS
Random10 (yellow line), Matched MACS2 (green line), All MACS2 (red line) and AICon-
trol (purple line). The ChIP-seq datasets have been sorted so that the WACS performance
decreases from left to right. An immediate observation is that some ChIP-seq datasets
result in much more motif-enriched peaks regardless of peak caller, while others have much
less motif enrichment. This may have to do with factors such as specificity of the TF’s
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Figure 3.3: Motif enrichment of peaks found by five different peak calling approaches in 90
ChIP-seq samples. Motif enrichment is defined as the fraction of all peaks that contain at least
one motif occurrence for the transcription factor in question. (a) Motif enrichment for all peaks.
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Figure 3.3: (continued) Motif enrichment of peaks found by five different peak calling
approaches in 90 ChIP-seq samples. Motif enrichment is defined as the fraction of all peaks
that contain at least one motif occurrence for the transcription factor in question. (b) Motif
enrichment for the standardized peaks.
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Figure 3.3: (continued) Motif enrichment of peaks found by five different peak calling
approaches in 90 ChIP-seq samples. Motif enrichment is defined as the fraction of all peaks that
contain at least one motif occurrence for the transcription factor in question. (c¢) Distributions of
percentages differences in motif enrichment relative to Matched MACS2. Box and whisker plots
show the Oth, 25th, 50th, 75th and 100th percentiles.
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Table 3.4: Number of datasets out of 90 where each algorithm’s peaks show the highest
motif enrichment, compared to the other algorithms.

WACS Matched All
Type  WACS poldomio MACS2 MAcsy ‘MControl

All Peaks 75 5 7 3 0
Standardized 61 8 10 4 7

DNA binding, the accuracy of the JASPAR PWM used for motif search, or the quality of
the ChIP-seq dataset itself.

When analyzing all the peaks (Figure 3.3a), WACS is seen to outperform the other
approaches the majority of the time—on 75 of 90 ChIP-seq samples in total. WACS Ran-
dom10, All MACS2, and Matched MACS2 perform rather similarly, although we quantify
this more carefully just below. AIControl performs the worst, with quite poor motif en-
richment even in the datasets where all other algorithms perform very well. However,
keeping in mind that AIControl tends to produce a large number of peaks, this could be
a precision-recall sort of trade-off, in which the default behavior of AIControl is oriented
towards the recall end of the spectrum. Indeed, when we examine the width- and number-
standardized peaks (Figure 3.3b), the performance of all algorithms is much more similar.
We still see a strong effect that some ChIP-seq datasets have peaks with much better motif
enrichment than others. We also still see that WACS still performs best, although by a
smaller margin and less often—it is the top performer in 61 of 90 datasets. Table 3.4
reports the number of times out of 90 that each algorithm’s peaks show the best motif
enrichment. By a proportion test, for either all or standardized peaks, WACS’s fraction
of times as the top performer is statistically significantly greater than the expected frac-
tion of 1/5 if all five algorithms performed equally well, with a p-value of less than 107°.
That WACS outperforms the other peak callers on the majority of the treatment samples
even after standardization suggests that better motif enrichment is not a result of being
more selective of the peaks, but that the peaks have inherently higher quality, at last as
measured by motif enrichment.

To evaluate further the quantitative differences in motif enrichment, we computed the
percentage differences relative to Matched MACS2—which is the method used by EN-
CODE and something of a “gold standard”. Specifically, for each other algorithm and for
each ChIP-seq dataset, we calculated the difference in motif enrichment, divided by the
Matched MACS2 motif enrichment, and converted to a percentage. Figure 3.3c displays
box plots of the percentages differences, for all peaks (green) and standardized peaks (yel-
low). For all the four methods, we observe that the standardized peaks in comparison to all
peaks results in reduced dispersion and variability of the data. We will focus on standard-
ized peaks in our discussion. For WACS, we notice a positive motif enrichment difference
for most of the ChIP-seq datasets, with a mean improvement of 45% when all peaks are
considered, or a more modest 14% when peaks are standardized. WACS Random10 also
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shows improvements over Matched MACS2 on average, although they are not as large as
the WACS improvements. Nevertheless, all four cases (WACS and WACS Random10 with
all or standardized peaks) are statistically significantly greater than zero by one-sample
t-tests, with p-values of less than 107°. All MACS2 performs similarly to Matched MACS2,
as does AlControl when peaks are standardized, with none of the percent differences being
statistically significantly different from zero. Without standardization, however, the full
set of AlControl peaks is significantly worse on motif enrichment compared to Matched
MACS2, with p-value less than 1072°. Overall, these results again confirm the improved
performance of WACS compared to other approaches, although standardization reduces
its advantage.

Another method for evaluating motif enrichment is the area under the precision-recall
curve (AUPRC) [98]. The AURPC is designed to compare algorithms on the same set
of instances. Each algorithm, however, generates a different set of peaks for a specific
ChIP-seq dataset. Thus, we believe precision is a more appropriate evaluation metric than
AUPRC for this comparison. Nevertheless, for the purpose of comparison with AIControl
[98], which uses the AUPRC metric, we performed the AUPRC analysis as well. Figure
3.4 shows an example precision-recall curve for the ChIP-seq dataset ENCFF1090WW
with TF ZNF24, and Figure 3.5 shows the AUPRC for each of these ChIP-seq datasets
when using standardized peaks. Using AUPRC, WACS outperforms WACS Random10,
All MACS2, Matched MACS2 and AlControl on 73, 80, 78 and 81 of the 90 treatment
samples respectively. These differences are statistically significant by a two-tailed sign test
with p-value less than 1075,

3.4.7 Peaks identified by WACS are more reproducible.

Ideally, a ChIP-seq peak calling algorithm is able to reproducibly identify true regions of
enrichment along the genome with no false positives. Reproducibility is most commonly
measured by computing the percentage overlap of peaks between replicates [24, ]. As
described above, the K562 experiments we chose included exactly two ChIP-seq biological
replicate samples in 45 distinct experiments (see Appendix Table A.1). Using the five
different peak calling approaches, we called peaks for every sample, and evaluated the
overlap between replicate samples. Overlaps means we took one replicate and computed
the fraction of peaks that overlaps with the other replicate.

Figures 3.6a and 3.6b show the percentage overlap with all peaks and standardized
peaks respectively for each of the ChIP-seq experiments when using WACS (blue line),
WACS Random10 (yellow line), Matched MACS2 (green line), All MACS2 (red line) and
AlControl (purple line). WACS has higher reproducibility than the other approaches on 26
of the 45 experiments when all peaks are considered, and on 28 of the 45 experiments with
standardized peaks. These numbers are statistically significantly higher than expected
under the null hypothesis that all algorithms perform equally, by a proportion test with p-
value less than 1074, AIControl has lowest reproducibility of the five approaches, regardless
of whether all peaks or standardized peaks are considered. See Table 3.5 for details on all
five algorithms.
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Figure 3.4: Example of precision recall curve for TF ZNF24 ChIP-seq dataset
ENCFF1090WW.

Table 3.5: Number of experiments out of 45 for which each peak calling approach has the
highest reproducibility between biological replicates.

WACS Matched All
Type  WACS poldom1o MACS2 MAcse ‘MControl

All Peaks 26 7 8 1 3
Standardized 28 7 5 4 1

To further investigate the quantitative differences in reproducibility, we computed the
percentage differences in overlap relative to the overlap obtained by Matched MACS2.
Figure 3.6¢ displays box plots of these percentage differences for all peaks (green) and
standardized peaks (yellow). We notice a positive percentage difference in overlap for
WACS, with 16% improved reproducibility for all peaks, or 5.6% for standardized peaks,
on average. These differences are statistically significant by t-test with p-values of less than
1073, However, WACS Random10’s performance is not statistically better than Matched
MACS2, nor is All MACS2. AlControl has statistically significantly worse reproducibility
both for all peaks (p < 0.05) and standardized peaks (p < 107'%). The significance
is borderline for the all peaks case, despite a large drop in mean, because of the high
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Figure 3.5: AUPRC for the K562 treatment samples.

variability in its performance. Thus, in this section and the previous section, we see
compelling evidence that WACS produces higher quality peaks than the other approaches,
as measured by both motif enrichment and reproducibility between replicates.

3.4.8 Controls used per treatment sample.

Our results (and other results [97, 98, 200]) for motif enrichment and reproducibility anal-
ysis suggest that smart controls offer superior background subtraction and peak-calling
for ChIP-seq data. However, the standard practice remains to generate controls alongside
each ChIP-seq experiment, or to match them on the basis of experimental details, such as
cell /tissue type, read length and sequencer. If smart controls are to be used, it is unclear
how many controls should be considered, and how many will end up in the smart control.
It is unclear whether ENCODE matched controls are, in fact, the best choices or even
among the controls selected by a smart control procedure.

Here, we aim to increase our understanding of the smart controls used to model the
background signal. Figure 3.7 displays a matrix where the rows and columns represent the
ChIP-seq and control datasets respectively. The blue color in the matrix represents the
controls selected by WACS to fit each ChIP-seq dataset, the maroon color represents the
ENCODE matched controls [56] and the magenta color represents the controls selected by
both ENCODE and WACS.
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Figure 3.6: Reproducibility of peak calls between biological replicates. (a) Percentage
overlap between replicates, for each of the five peak calling methods for 45 ChIP-seq experiments,
when using all peaks.
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Figure 3.6: (continued) Reproducibility of peak calls between biological replicates. (b)
Percentage overlap between replicates, for each of the five peak calling methods for 45 ChIP-seq
experiments, when using standardized peaks.
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Figure 3.6: (continued) Reproducibility of peak calls between biological replicates. (c) Box
plots of percentage difference in reproducibility relative to Matched MACS2.
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Figure 3.7: Comparison of controls used by WACS and ENCODE. The rows and columns
correspond to the ChIP-seq and control experiments respectively. For each ChIP-seq dataset,
the controls are given a blue color if they are used by WACS only, a maroon color if they are
ENCODE matched controls only, and a magenta color if they are used by both ENCODE and
WACS.

Let us first consider the WACS selected controls per ChlIP-seq dataset (blue) in Figure
3.7. Different subsets of the 147 controls are required by WACS for each ChIP-seq dataset,
but these form several coherent clusters, where groups of ChIP-seq datasets use relatively
the same controls for modeling the background signal. For example, the 10 or so controls
most towards the left of the diagram are used in modeling nearly all the ChIP-seq datasets’

57



Histogram of controls per ChlP-seq

25 A

20 A

Frequency
=
ul

=
o
1

20 40 60 80 100
Number of controls

Figure 3.8: Histogram of the overall number of controls used per ChIP-seq dataset using
WACS.

backgrounds. The next 10 controls are widely used, though less so, and are distinctly used
by some of the ChIP-seqs towards the top. Conversely, there is a set of ChIP-seq datasets
about near but not quite at the top of the matrix that rely on a large number of controls
for modeling their background, whereas ChIP-seqs in the lower half rely almost solely on
the leftmost controls.

Although each ChIP-seq’s background is modeled by a unique combination of controls,
a clear trend is that many controls are combined—approximately 26 on average. Figure
3.8 shows a histogram of the overall number of controls used by the ChIP-seq datasets
using WACS.

For the ENCODE matched controls, we observe a range of 1 to 4 ENCODE matched
controls per ChIP-seq dataset (maroon color in Figure 3.7). For 40 of the 90 ChIP-seq
datasets (44%), none of the matched ENCODE controls are used to model the background
signal in comparison to those used by WACS (rows with no magenta color in Figure 3.7).
For example, 19 controls are used to model the background signal for the ChIP-seq dataset
ENCFF651HPM in Figure 3.7, none of which are the matched ENCODE controls. For the
remaining 56% of the ChIP-seq datasets, some of the ENCODE matched controls are also
those selected by WACS, as seen in Figure 3.7 (magenta color), and there are 30 ChIP-
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seq datasets that use all their matched ENCODE controls (in addition to other controls
samples). It is not clear from manual examination nor straightforward statistical analysis
what features of a control, or jointly of a control and a ChIP-seq dataset, might cause the
control to be desirable for inclusion. Determining the distinguishing characteristics of the
best controls for a given ChIP-seq, beyond their utility in our regression formulation, is an
important topic for future research.

Additionally, we further investigate which features resulted in the inclusion or exclusion
of a control by WACS for a specific ChIP-seq dataset. An instance is defined as each control
and ChIP-seq dataset combination, and the target value is a boolean which indicates
whether that control was selected for that specific ChIP-seq dataset. For each instance, we
consider boolean features representing the similarity or difference between the ChIP-seq
and control datasets. These include lab name, experimental release year and mapped read
length. A value of 1 indicates that the feature is equivalent for both the ChIP-seq and
control datasets, and 0 otherwise. We conduct an exact Fisher’s test and found statistically
significant results for each of these features with p < 0.005. (See Appendix Table A.7,
A8, A.9). However, these predictions are far from perfect, and future work needs to be
conducted to establish what a ‘good’ control is.

3.4.9 Validation on additional cell lines

Here, we further evaluate WACS, MACS2 and AIControl on three other cell lines: A549,
HepG2 and GM12878. We specifically explored 20 ChIP-seq and 18 control datasets for
each cell line. (See Appendix Table A.4, A.5 and A.6 for accession codes of the samples.)
We evaluated MACS2 with the ENCODE matched controls (Matched MACS2), MACS2
with the cell line specific controls (All MACS2), WACS with the cell line specific controls
(WACS), WACS with the all controls across the three different cell lines (WACS AllCtrls),
and AIControl with its predefined set of controls on ChIP-seq datasets (AIControl).

To evaluate the quality of the peaks generated by each method for each cell line, we
first investigate motif enrichment. Figure 3.9 displays the motif enrichment for all and
standardized peaks for each of the ChIP-experiments corresponding to each cell line, when
using WACS (blue line), WACS AlICtrls (yellow line), All MACS2 (red line), Matched
MACS2 (green line) and AIControl (purple line). AIControl across all cell lines, for all and
standardized peaks, has the lowest motif enrichment. For the cell line A549, as seen in Fig-
ures 3.9a and 3.9d, WACS and WACS All Ctrls display the highest motif enrichment and
have very similar performance. WACS and WACS All Ctrls outperform Matched MACS2,
All MACS2 and AlControl on 14 treatment samples in total, as shown in Table 3.6. An
equivalent trend is observed for the GM12878 cell line (Figures 3.9b and 3.9¢). How-
ever, when using all peaks, WACS has the highest motif enrichment; WACS outperforms
WACS All Ctrls, Matched MACS2, All MACS2 and AlIControl on 15 treatment samples
in total, as shown in Table 3.6. Additionally, for standardized peaks, for cell lines A549
and GM12878, we notice almost equivalent motif enrichment when using All MACS2 and
Matched MACS2. For HepG2 with all peaks (Figure 3.9¢), on the other hand, Matched
MACS2 outperforms WACS, WACS All Ctrls, All MACS2 and AIControl on 11 treatment
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samples in total. For HepG2 with standardized peaks (Figure 3.9f), all methods display
similar performance.

Finally, we explore the reproducibility of peaks in ChIP-seq replicates for each cell line.
There are a total of 10 ChIP-seq experiments for each cell line, each with two replicates.
Figure 3.10 show the percentage overlap with all and standardized peaks for each of the
ChIP-seq experiments, when using WACS (blue line), WACS All Ctrls (yellow line), All
MACS2 (red line), Matched MACS2 (green line) and AlControl (purple line). WACS All
Ctrls outperforms WACS, Matched MACS2, All MACS2 and AIControl on all of the ChIP-
seq datasets for all the three cell lines, A549, GM 12878 and HepG2 for all and standardized
peaks, as show in Table 3.7. Again, AIControl displays the lowest percentage overlap for
A549, GM12878 and HepG2 for all and standardized peaks.

Moreover, we conduct a proportion test across all the three cell lines (A549, GM12878
and HepG2) for both motif enrichment and reproducibility. We notice that at times WACS
outperforms the other peak calling methods, and other times WACS All Ctrls does. The
high variability and small sample size leads to less significance when considering WACS or
WACS All Ctrls separately. However, there is an overall positive favor in terms of WACS.
For either all or standardized peaks, we observe that the fraction of datasets where both
WACS and WACS All Ctrls have the highest motif enrichment and highest reproducibility
is statistically significant with a p-value less than 1075,

3.5 Methods

We evaluated WACS, MACS2.1.1 ! and AIControl 2 on data from the ENCODE consortium
[55]. ENCODE ChIP-seq data is organized into “experiments”, which typically comprise
two or more ChIP-seq samples generated at the same time and under the same conditions.
Experiments also have controls matched to the ChIP-seq samples, and peaks called for each
of the ChIP-seq samples. The K562 cell line has the most data available, so we focused
our empirical evaluation on that data. We identified experiments with precisely two ChIP-
seq samples. We included ChIP-seq BAM files mapped to the GRCh38 genome with
filtered alignments. We further restricted attention to TFs with position-weight matrices
in JASPAR. By these criteria, we identified 90 ChIP-seq samples (in 45 experiments) for
analysis. We also collected all available controls for the K562 cell lines, resulting in 147
control samples for our analysis. Finally, to test the generality of our results in other cell
lines, we selected 20 ChIP-seq and 18 control samples for each of A549, GM12878, and
HepG2 cell lines. See multiple cell lines/types (CLs). The full list of datasets can be found
in Appendix Tables A.1, A.2, A.3, A4, A.5 and A.6 for the accession codes of samples.

As seen in Figure 3.1 and 3.2, MACS2 pools the controls together for each ChIP-seq
sample, whereas WACS estimates a weight for each control and computes a unique weighted
control pileup for each ChIP-seq sample. AlControl uses a predefined set of publicly
available controls [98]. We used two methods to evaluate the quality of the peaks generated

thttps://github.com/taoliu/MACS
2https://github.com/hiranumn/AIControl.jl/
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Table 3.6: Numbers of datasets for which each algorithm produces peaks with the best
motif enrichment.

) WACS Matched All
Cell Line WACS AllCtrls MACS2 MACS? AlControl

All Peaks
Ab49 7 7 2 4 0
GM12878 15 2 2 1 0
HepG2 0 9 11 0 0
Standardized

Ab549 10 8 1 1 0
GM12878 11 5 0 1
HepG2 3 6 5 0 6

Table 3.7: Number of datasets for which each algorithm produces peaks with the greatest
overlap between biological replicates.

) WACS Matched All
Cell Line WACS AllCtrls MACS2 MACS? AlIControl

All Peaks
A549 0 8 1 0 1
GM12878 3 4 1 1 1
HepG2 1 7 2 0
Standardized

Ab49 2 8 0 0 0
GM12878 2 4 3 1 0
HepG2 1 8 1 0 0

by WACS, MACS2 and AIControl. One method considers all the original peaks output by
each algorithm (called All Peaks). However, different peak callers can produce peaks in
different locations based on the same data, and they can also produce different numbers
of peaks. Thus, strictly for the purpose of comparison, we adopted the standardization
procedure proposed by Hiranuma et al. [98], where the peak width and number of peaks
are normalized for each treatment sample. First, the peak width is normalized by binning
the peaks in 1000 base pair windows. For example, a peak at chromosome 1 from 14520
to 15420 is counted as two peaks covering bins 14000 to 15000 and 15000 to 16000. Next,
the number of peaks for all five peak-calling conditions for the same dataset is normalized
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by retaining the top n most statistically significant peaks, where n is the smallest number
of peaks in any of the five width-standardized peak sets.

3.6 Discussion

In this paper, we provide a method, WACS, for improved peak-calling and increase our un-
derstanding of ChIP-seq data, controls and their biases. WACS is built on the pre-existing,
widely-used and precise peak calling method in MACS2, but has been recoded internally
for better efficiency with many simultaneous datasets, and provides weights per control
for a more accurate background model. We showed that this form of “intelligent” control
construction is beneficial for peak calling. It appears to better estimate background signal
in ChIP-seq datasets, as evidenced by better motif enrichment and better reproducibility
in the called peaks. We showed that the controls selected by WACS are not necessarily the
matched ENCODE controls. Additionally, for most of the ChIP-seq datasets, many more
than two controls are selected to model the background signal. These findings run contrary
to typical practice, where typically one or a small number of controls are chosen by the
experimenter, sometimes based simply on controls having been done simultaneously with
the ChIP-seq experiments, without any analysis of whether the control really models well
the ChIP-seq background. As noted also by Hiranuma et al. [98], intelligent control selec-
tion or construction allows researchers to use other controls non-specific to their ChIP-seq
experiment to model the noise distribution. This can decrease cost, time and resources
required to perform the ChIP-seq experiments.

Moreover, WACS is a more selective peak caller in comparison to the other peak calling
methods — as it outputs the least number of peaks on average. We evaluate WACS using all
peaks and standardized peaks and observe that WACS outperforms the other peak calling
methods in both cases. However, the difference in performance when using standardized
peaks is less than when using all peaks. This shows that the performance of the other
peak calling methods improves after standardization. Thus, this suggests that WACS
pro-actively removes lower quality peaks.

Hiranuma et al. [9%] claim that AIControl is better at removing background noise than
MACS2. However, our results suggest the contrary. This may be due to a number of
reasons. First, Hiranuma et al. [93] uses a different and nonstandard evaluation method
for reproducibility analysis. Whereas we adopted the widely used approach of looking
at peak overlaps between biological replicates [24, ], Hiranuma showed that AIControl
had higher irreproducibility than MACS when applied to unrelated datasets. Furthermore,
Hiranuma et al. applied MACS2 using only one matched control, while for our analysis,
we used either all the ENCODE matched controls for a treatment sample or simply all
controls from the same K562 cell line. In either case, the provision of multiple controls
may have improved MACS2’s performance.

In this work, we described using NNLS to fit a model of ChIP-seq background to con-
trol densities, but other formulations are possible. For example, we experimented with an
instance-weighted NNLS formulation, to account for differing variances on the regression
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targets y; (the ChIP-seq read counts per window). We did not find any improvement in per-
formance. However, results may depend on how one estimates target variances. Relatedly,
performing regression on log-transformed read counts may be worth exploring. RNA-seq
analysis tools such as DESeq2 [119] use log linear models for read counts and comparisons
between conditions. It would also make sense to explore L1-penalized regression formula-
tions, to explore trade-offs between the number of controls used to model background and
the accuracy of the background model.

Future work will deal with a more thorough analysis of the weighted controls approach
on other high throughput sequencing data, such as RNA-seq, and other cell lines. The
weighted approach will be used to study the biases in RNA-seq data across different plat-
forms, labs, cell types, tissues, etc. For example, RNA-seq is used to measure the difference
in gene expression between tissues, where a tissue consists of a mixture of cell types. To
generate a realistic control tissue, the weighted approach can be used to weight the cell
types in the tissue to model the background signal. Also, in this analysis, we focused on
sharp peaks, which are more generally found at protein-DNA binding sites. Thus, an anal-
ysis of other broader peaks, for example, will be conducted. Ultimately, our overall aim
is to increase the fidelity of conclusions drawn from high-throughput sequencing datasets,
each of which may be biased in different ways, and to take fuller advantage of the masses
of data already published as a “reference” for interpreting new data.

3.7 Conclusion

We developed a peak calling method, WACS, which allows a mixture of weighted controls
as input. The user inputs the controls. These controls can either be weighted by the user,
or the weights can be computed by our regression approach. The latter systematically
estimates the weights of the input controls to model the background signal for that ChIP-
seq experiment. In the special case of equal weights which sum up to 1, the peaks output
from WACS and MACS2 are identical. If different weights are allowed, the two algorithms
have different outputs. WACS allows only positive weights for better interpretability of
results. Negative weights are biologically difficult to interpret; as it does not add to the
background signal. WACS proceeds to use this devised background signal to identify
regions of enrichment along the genome. WACS is an extension of the most highly cited
peak calling algorithm, MACS2 [280]. We conducted a comparison between WACS, MACS2
and AIControl to evaluate our method and the significance of the weighted controls. WACS
significantly outperforms both MACS2 and AlIControl in motif enrichment analysis and
reproducibility analysis.
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Chapter 4

SigTFB: Cell Type Specific DNA
Signatures of Transcription Factor
Binding

The majority of this chapter is extracted from “Cell Type Specific DNA Signatures of
Transcription Factor Binding” by Awdeh, Turcotte and Perkins submitted for publication
[17]. The source code for SigTFB involving the pre-processing of ChIP-seq data, classifica-
tion and downstream genomic analysis is available at https://github.com/aawdeh/SigTFB.
The data used is available at https://doi.org/10.20383/103.0605.

4.1 Author Contributions

Aseel Awdeh recognized the need for a better understanding of transcriptional regulation,
devised a method to address the limitations, wrote the software implementation, conducted
all the experiments and wrote the manuscript, all with input and guidance from Theodore
J Perkins and Marcel Turcotte.

4.2 Overview

Transcription factors (TFs) bind to different parts of the genome in different types of cells.
These differences may be due to alterations in the DNA-binding preferences of a TF itself,
or mechanisms such as chromatin accessibility, steric hindrance, or competitive binding,
that result in a DNA “signature” of differential binding. We propose a method called
SigTFB (Signatures of TF Binding), based on deep learning, to detect and quantify cell
type specificity in a TF’s DNA-binding signature. We conduct a wide scale investigation
of 194 distinct TFs across various cell types. We demonstrate the existence of cell type
specificity in approximately 30% of the TFs. We stratify our analysis by different antibodies
for the same TF, to rule out the possibility of certain technical artifacts, yet we find that
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cell type specificity estimates are largely consistent when the same TF is assayed with
different antibodies. Our comprehensive investigation provides a basis for further study of
the mechanisms behind differences in TF-DNA binding in different cell types.

4.3 Background

Non-protein coding regions constitute approximately 98% of the human genome [56]. These
regions contain complex instructions to regulate gene expression. Differential binding of
transcription factors (TFs) to regulatory sites drives differential gene expression, allowing
one genome to give rise to a diversity of cell types and tissues. Conversely, some cell types
are defined by one or a few master regulatory TFs that they express. However, the same
TF may bind different sites or even different preferred DNA sequences across these multiple
cell types [10, 81, 94, , , , 232].

Many studies have shown the cell type specific nature of TF binding locations across
multiple cell lines and tissues [10, 81, , , |. For example, Lee
et al. studied the binding of the TFs MYC and CCCTC binding factor (CTCF) across 11
different human cell types, and found that both showed some degree of cell type specificity
in their binding locations [139]. However, MYC had a much greater degree of cell type
specificity than CTCF. Fewer than 25% of CTCF binding sites were cell type specific,
while more than 87% were cell type specific for MYC. Additionally, binding sites unique
to the cell type were associated with cell type specific functions, such as endothelial cell
differentiation and positive regulation of developmental growth in fibroblast cells. Due to
its higher degree of cell type specificity, MYC is mainly involved with cell type specific
functionalities, while CTCF has a more consistent role across cell types. Cell type specific
binding patterns have also been observed for other TFs. Estrogen receptors a (ERs),
for instance, bind to distinct DNA patterns in cancerous lines, such as breast cancer and
endometrial cancer [31]. The cell type specific sites typically have lower affinity to ERs
which bind in conjuction with other TFs, unlike the shared sites which have high affinity for
ERs. SOX2 is another example that displays dual modalities of cell type specific binding in
human embryonic stem cells (hESC) [278], where the co-binding of SOX2 with PAX6 leads
to hECS neural differentiation, and the co-occurrence of SOX2 with OCT4 results in self-
renewing hECS. In another study, Wang et al. show the cell type specificity of HOXB9 in
K562 cells in comparison to other cell types such as HepG2 and HI-hECS [252]. However,
there has yet to be a comprehensive and quantitative analysis of cell type specificity across
a broad range of TFs.

There are many factors that cause cell type specificity in TF binding. With the excep-
tion of pioneer transcription factors [273], TF binding usually occurs in more accessible
regions along the genome. Thus, cell type specific chromatin accessibility is one mechanism
directing TFs to different parts of the genome [167, , , 249]. Another factor is direct
protein-protein interactions between TFs which lead to the formation of stable regulatory
complexes. All constituents of the complex may bind directly to the genome, or tethering
interactions may lead to one element of the complex binding to the genome. Complexing
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with different DNA-binding partners may draw a TF to different parts of the genome. Al-
ternatively, complexing with other proteins may alter the conformation of the protein and
change its DNA-binding preferences [39, 70, , , , |. For example, PBX and
MEIS paralogs have varying expressions across tissues, and their cooperative binding with
HOX alters HOX binding specificity [10, 192]. An additional factor that influences the
DNA-binding preferences of a TF protein is alternative splicing [147]. Different versions
of the same TF, or TF isoforms, can either bind to different parts of the genome leading
to differential gene expression, or bind to the same sites along the genome with different
binding affinities resulting in varying amounts of gene expression [117, ]. Other events,
such as post-translational modifications, indirect cooperative binding or conversely steric
hindrance, can also influence binding [23, 193].

While differential binding of TFs has been well established, here we seek to investigate
in a deeper and more systematic way the possible mechanisms underlying differential bind-
ing. In particular, we seek to discriminate two major classes of mechanisms: those that are
associated with DNA sequence binding signature and those that are not. Importantly, this
is a distinct question from whether the same or different sites are bound in different cell
types. For example, a TF might bind completely different sites in two cell types, and yet
there may be no differentiating DNA sequence features at all. Mechanisms of differential
binding that might not show a difference in DNA binding signature include: changes in
TF expression level, so that fewer or more sites of the same type are detectably bound;
changes in accessibility of sites of the same type; or even differences in data quality or
depth, which alter our ability to detect binding. Conversely, mechanisms that would show
a difference in DNA binding signature include: conformation-based changes in inherent
TF-DNA preferences resulting from alternative splicing or post transcriptional modifica-
tions; complexing with different partners; or cooperation or hindrance with other TFs at
regulatory sites.

A deeper understanding of genomics, including TF binding, has been achieved through
the use of deep learning approaches. DeepBind is one of the first pivotal methods that
used convolutional neural networks (CNNs) for the identification of protein binding sites
in DNA and RNA sequences [(]. It used a single convolutional layer, and trained multiple
single task models — one for each TF and cell line combination. Other methods, such
as DeeperBind [92], DanQ [197] and DeepDRN [1(], used a combination of both CNNs
and recurrent neural networks (RNNs) for the prediction of TF binding sites. DeepSEA
[285] and Basset [120] used CNNs to uncover regulatory features from genomic sequences
to predict chromatin accessibility along the genome, and more specifically the impact of
single nucleotide variants on regulatory regions, such as DNase hypersensitive sites, TF
binding sites and histone marks.

Deep learning has also been used to generalize across cell types, where common non-
specific preferences of a TF across cell types are used to predict TF binding activity in cell

types with little or no data available [113, , , , ]. This is possible because a TF
may have the same binding preferences in multiple cell types [11, |. Indeed, databases
such as JASPAR [11], HOCOMOCO [132] and Transfac [158], are established based on

the largely successful assumption that TF-DNA binding preferences can be specified inde-
pendent of context, and can even be derived in-vitro, from SELEX or PBM experiments
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[114, 237]. Yet, several studies, including [18, 40, 81, 94 , , , , , , ,

], show exceptions to the rule of invariant TF-DNA binding preferences, or demonstrate
other differential DNA signatures in bound regions. In this paper, we propose a new deep
learning approach for analyzing TF-DNA binding sites of a TF across a set of cell types.
Although formulated as a binding site prediction problem, the purpose of the learning
procedure is to detect and quantify the degree of cell type specificity in DNA-binding sig-
natures for the TF across cell types. That is, given known bound regions for a TF across a
potentially large number of different cell types (or tissues or conditions), we seek to quan-
tify the extent to which the DNA sequences of those regions contain discriminative signals
regarding cell type. This constitutes a first step towards understanding mechanisms that
may underlie differential binding of TFs.

For a more comprehensive and thorough investigation of the cell type specificity of TFs,
we develop a method called SigTFB (Signatures of TF Binding). We build upon previous
deep learning studies in our own work. The network we use is based in part on the
network used in DeepBind [(], augmenting it to differentiate and quantify cell type general
versus cell type specific binding. Unlike most previous work, where the learning problem
formulation is based on the discrimination of bound versus unbound regions, which may be
genomically real unbound sites or sequence permuted sites, all the sites in our problem are
bound. That is, sites are bound in different cell types, and our learning problem determines
in which cell there is binding based on the DN A sequences. We focus on differences in “DNA
signatures” of binding, rather than differences (or similarities) in the binding sites per se.
We use the term DNA signatures to encompass the several factors (previously discussed)
that could impact the DNA binding preferences of a TF. Our training procedure is inspired
by that of ChromDragoNN [165], but uses a direct encoding of cell type in place of gene
expression values. Moreover, similar to MTTFSite [280] and FactorNet [195], we utilize
multi-task formulations to learn shared binding preferences of a TF in different cell types.
Like Novakovsky et al. [170], which combines multi-task learning with transfer learning
to predict TF binding in a specific cell type, we employ a multi-task transfer learning
formulation for our learning problem. Our work is similar in intent to a recent study of the
differential and cooperative binding nature of the two TFs, MEIS and HOXAZ2, in three
mouse tissues [192], but different in the approach we employ and much larger in scale.

We conduct a large scale investigation of 194 TFs assayed by one or more antibodies
(AB) across various cell types (for a total of 230 distinct TF-AB pairs), identifying TFs
that show a difference in DNA-binding preference across multiple cell lines, and quantifying
their degree of cell type specificity. We also investigate the consistency in the degree of
specificity across the different antibodies for a specific TF, and explore the correlation
between the number of cell types available for a specific TF and the degree of cell type
specificity.
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4.4 Results

4.4.1 A two-step deep learning model to study the differential
binding of a transcription factor.

To study the differential binding of a TF, we study one TF and antibody (AB) at a time
— each combination requiring ChIP-seq data from a minimum of two different cell types.
Data from different ABs for the same TF are not mixed, as we hypothesized that varying
binding affinities and the off-target binding effects of the different ABs may contribute to
“false” differences between cell types. We collect all the ChIP-seq peak sequences from
the different cell types for a specific TF-AB from the ENCODE consortium [56]. We
identified 194 unique TFs assayed by ChIP-seq using the same AB in at least two cell
types. As some TFs were assayed by multiple ABs in different cell types, there was a total
of 230 TF-AB pairs with ChIP-seq data in multiple cell lines/types (CLs). The full list
of datasets can be found in Appendix Table B.1. We obtained called peaks for each TF-
AB-CL combination, and used human genome GRCh38/hg38 to extract 101 bp windows
of DNA sequence around the summit of each peak (See Methods).

For each TF-AB pair, we define the following prediction problem: given the peak
sequence and a one-hot encoding of cell type, can we predict whether that sequence was
bound (i.e. was there a peak) in that cell type? We are not interested in performance in
terms of peak prediction as the input peaks are already experimentally measured. Instead,
we are interested in developing a supervised learning system to identify sequence features
for a specific TF to distinguish binding in one cell type versus another.

We formulate the prediction of differential binding per TF-AB as a two step process
using a deep learning architecture (see Figure 4.1). We trained a separate model for each
of the 230 TF and AB combinations, covering 194 distinct TFs in a total of 35 human
cell types. To construct the training set for each TF-AB, we merged ChIP-seq peaks that
overlap by at least 30bp across the different corresponding cell types, adopting a similar
approach to Basset [120]. The training set for each TF-AB corresponds to the collection
of these peaks across the cell types. In stage 1 of training, each input instance comprises a
101 bp peak DNA sequence one-hot encoded into a 404-length binary vector. The output
is a C length binary vector indicating in which cell types the peak is bound by the TF,
with C being the number of cell types.

The first stage focuses on the sequence part of the input, and is trained as a multi-task
classifier for the simultaneous prediction of bound versus unbound regions across various
cell types. A rectifier activated convolution layer first transforms the input matrix into an
output matrix. The rows in the output matrix correspond to convolutional kernels, where
each kernel is a motif detector. This is followed by the max pooling layer which reduces the
convolutional matrix into a vector of length equal to the number of convolutional kernels
(N in Figure 4.1). The output vector is then passed to a fully connected layer, where it
is then compared via the Basset loss function to the true target vector. This constitutes
the stage 1 model, and presents the shared features across all cell types for that specific

TF-AB.
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In stage 2, each unified peak instance is expanded into 2 x C' instances, where in addition
to the 404-length binary vector encoding the peak DNA sequence, there is a length C binary
vector encoding cell type. In C of the instances, the cell type vector has one element set
to 1 with the rest being zeros, specifying cell type, and a single binary output variable
indicating binding or not in that cell type. These are referred to as “cell type specific”
(CL Specific) instances. In the remaining instances, the cell type vector is set to all zeros,
and the DNA input and binary output remain the same. This is a “cell type general” (CL
General) instance, where the approximator is being essentially given a cell type specific
instance, but the cell type information is hidden. Intuitively, the difference in prediction
performance between the cell type specific and the cell type general cases conveys the
degree to which the network is able to identify cell type specific DNA signatures that help
in binding prediction.

The weights of the pre-trained multi-task model of stage 1 are used to initialize the
parameters of the stage 2 models for the prediction of bound regions for a specific TF in a
specified cell type. The cell type vector of length C defined previously is passed through a
fully connected layer of length P1, and then concatenated with the convolutional output
matrix from stage 1. The concatenated vector is passed through a fully connected layer of
length @, where the predicted output is then compared to the true target vector via the
non-negative log likelihood loss function.

During both training and testing, instances are randomly chosen in mini-batches to
have the same number of positive and negative instances from each cell type, and the
same number of cell type specific and cell type general instances, avoiding any problems
with class imbalance. We use the Ax hyperparameter optimization technique [22] along
with 10-fold cross validation to produce an ensemble of 10 models. For each model, we
compute a macro-average (across cell types) classification area under the receiver-operator
characteristic curve (AUC) separately for cell type specific and cell type general instances.
Finally, we take the difference of the two as a measure of learned cell type specificity, using
a t-test across the 10 folds to assess statistical significance. A positive difference, where
cell type specific predictions are more accurate than cell type general, is taken as evidence
for the existence of a cell-type specific DNA signature in the binding sites of that TF.

4.4.2 ATF7 binding shows cell type specific DNA binding signa-
tures.

To demonstrate our approach, we first focus on Activating Transcription Factor 7 (ATFT7).
As a member of the ATF family, ATF7 binds to the cyclic AMP response element (CRE)
with the consensus DNA sequence “TGACGTCA” [19, 151]. Members of the ATF family
are basic leucine zipper (bZIP) factors that complex with other bZIP factors to form ho-
modimers or heterodimers [19, 85, , |. The ATF TFs exhibit varying functionalities
in different tissues and cancerous cell lines, including tumour suppressive and oncogenic
functions [19]. For instance, the deletion of ATF7 results in the spread of lymphoma [19].
Conversely, the activation of ATF7 in gastric or hepatocellular carcinoma promotes the
proliferation of cancer cells. As such, ATF7 may be used as a biomarker for the early
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Figure 4.1: Simplified diagram of Stage 1 and Stage 2 Models. Stage 1 is shown in the red
dashed box. Stage 2 is shown in the black dashed box. In Stage 1, the input instance is a one-hot
encoded DNA sequence of size 101 x 4. This is passed through the convolutional layer (Conv)
with N filters of size M, through a maxpool layer (Maxpool) of length N, a fully connected layer
(Dense) of length K, then the output layer of length C' to predict if the TF is bound or not in
the different cell types (C' = 3 in this case). Stage 2 takes cell type information of length C' as
input as well. This is first passed through fully connected layers of lengths P1 and P2, and then
concatenated with the output of the convolutional layer from Stage 1. The concatenated output
is passed through a fully connected layer of length @ to predict whether the sequence is bound
or not in that cell type.

detection of tumours in liver and gastric cell lines. Due to the differences observed, we
suspect ATF7 to bind to different places along the genome in different cell lines.

To investigate the activity of ATF7, we obtained ChIP-seq peaks from ENCODE [56] in
the following four cell lines: GM12878, K562, HepG2 and MCF-7. The cancerous cell lines
HepG2, MCF-7 and K562 correspond to liver hepatocellular carcinoma, breast cancer and
myelogenous leukemia respectively. GM12878 is a non cancerous lymphoblastoid cell line.
Figure 4.2a shows a Venn diagram of the peak overlaps between the four cell lines. The
number of peaks per cell line are shown after the cell type name in brackets. We notice
that a mere 1.36% of the total number of peaks across all four cell lines overlap, and the
majority of the peaks are unique to one of the four cell lines. For example, 22.36% of the
K562 peaks do not overlap with peaks from other cell lines. Moreover, we notice there is
greater peak overlap between the pairs HepG2 and MCF-7, and GM12878 and K562.

The lack of overlap between peaks in the four cell lines does not imply cell type speci-
ficity in DNA binding preference, as sequences in those peaks may be very similar. Differ-
ences in output may be due to dissimilarities in terms of noise, bias or even the number
of peaks of the ChIP-seq experiments. For instance, HepG2 has over 40,000 peaks while
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Figure 4.2: (a) Venn diagram of percentage overlap between cell lines for ATF7. (b) ROC
curves per cell line cell line per condition: CL General (dashed line) and CL Specific
(solid line) for ATF7. (¢) AUC per cell line per condition: CL General (shaded) and CL
Specific (not shaded) for ATF7. (d) Heatmap of percentage overlap between 14 cell lines in
CTCF.ENCABOO0AXX. (e) ROC curves per cell line cell line per condition: CL General
(dashed line) and CL Specific (solid line) for CTCF. (f) AUC per cell line per condition:
CL General (shaded) and CL Specific (not shaded) for CTCF.
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MCF-7 has fewer than 30,000. Therefore, no more than 75% of HepG2 peaks could possibly
overlap with MCF-7 peaks

To determine if there are cell type specific DNA signatures in the ATF7 peaks, we
applied our deep learning method, SigTFB, as described in the previous section. Figure
4.2b shows the receiver operating characteristic (ROC) curves for each cell line with and
without the cell line identity being provided, as well as averaged performance across all cell
lines. The plot shows high variability in site prediction across across cell lines. Predictions
for HepG2 (solid red curve) are significantly better than for MCF-7 and K562 (solid purple
and green), which are better than for GM12878 (solid blue). Consequently, predictions are
more accurate when the network is informed of cell type than when it is not (e.g. solid red
versus dashed red curves). This trend is also true for the macro-averaged ROC curve (gray
color in Figure 4.2b). Figure 4.2c shows the area under the ROC curve (AUC) per cell line
per condition for the ATF7 TF, where the shaded and unshaded bars are CL. General and
CL Specific cases respectively. For each cell line, as well as the macro-averaged result, there
is a clear difference between the two conditions. CL Specific classification outperforms CL
General classification with a macro-averaged AUC difference of 0.2 (p < 0.05; one-sample
t-test on AUC difference). Thus, we can conclude that the network has detected DNA
signatures discriminating peaks in different cell types. We return to the question of exactly
what those signatures are below. First, we examine another transcription factor, CTCF,
in detail.

4.4.3 CTCF binding does not show cell type specific DNA bind-
ing signatures.

We next examine another transcription factor (TF), CCCTC-binding factor (CTCF). The
CTCF binding domain is defined by 1l zinc fingers, and is believed to be invariant across cell
types — meaning that although the actual binding locations across cell types may vary, the
CTCF DNA binding preferences remain the same. CTCF can function as a transcriptional
repressor, transcriptional activator, or as an insulator barrier between genomic domains
[48, , |. It also plays a key role in regulating the three-dimensional structure of
chromatin. The function of CTCEF is greatly dependent on its DNA binding partners.

To test these prior findings, we obtained ChIP-seq data for CTCF in 14 different cell
types. These cell types include smooth muscle cell, GM23338, bipolar neuron, neural
progenitor cell, fibroblast of dermis, myotube, PC-3, astrocyte, HCT116, hepatocyte, os-
teoblast, OCI-LY7, MCF-7 and SK-N-SH. The percentage overlap of ChIP-seq peaks be-
tween each pair of cell types is shown in Figure 4.2d, where each entry of the heatmap
shows the percentage of peaks of the row’s cell line overlapping peaks in the column’s cell
line. Additionally, the number of peaks per cell type are shown in brackets after the row
cell type label. Overlap percentages range from approximately 50% to 90%, with an aver-
age of 77%. Cell types with fewer peaks tend to be better covered by cell types with more
peaks, suggesting an element of peak detection power is at play. For instance, the astrocyte
dataset has the fewest peaks at ~37,000, which are more than 90% covered by the CTCF
peaks in every other cell type — even distantly related cell types such as osteoblasts or
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fibroblasts (first row in Figure 4.2d).

Figure 4.2d gives some intuition about the datasets. However, as seen for ATF7, a
simple intersection analysis is not sufficient to determine cell type specificity. We further
investigated the binding activity of CTCF by training SigT'FB on CTCF and its 14 cor-
responding cell lines. Figure 4.2e shows the ROC curves for each of the cell types and
the macro-averaged ROC across all cell types. Compared to ATF7, there is relatively
little difference in binding site predictability across cell types and nearly no difference in
predictability for a given cell type, with or without cell type identity information.

Cell types OCI-LY7 (lavender line) and bipolar neuron (indigo line) have the worst
prediction performance, and also have the highest number of peaks. Possibly, a greater
fraction of these peaks are not genuine, which would explain both inflated peak numbers
and prediction difficulty. Figure 4.2f shows there is little too no difference in the area
under the ROC curves (AUC) between CL Specific (solid line) and CL General (broken
line) conditions for each cell line (p > 0.5; one-sample t-test on percentage differences).
Consequently, these results illustrate the ubiquitous non cell type specific nature of CTCF
DNA binding preferences. Importantly, they also demonstrate the specificity of SigTFB,
in that it does not incorrectly report cell type specificity where there is none to be found.
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Figure 4.3: Plots of performance in terms of accuracy, sensitivity and specificity per syn-
thetic example per cell type on simulated data for stage 1 models on (a) training and (b)

test datasets. The x-axis corresponds to the examples, and the y-axis corresponds to the
performance metrics.

4.4.4 Determining the degree of the cell type specificity of the
different TFs.

Motivated by our results for ATF7 and CTCF, we expanded our study by investigating cell
type specificity. Results on simulated data can be seen in Figure 4.3. Both balanced and

imbalanced datasets are included in the analysis. Details regarding the simulated datasets,
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H Simulated Datasets | Cell Line 1 | Cell Line 2 | Cell Line 3 H

Example 1 CTGCAG | CAGCTG -
Example 2 CTGAG TATATT -
Example 3 CTGAG TATATT ACAC
Example 4 CTGAG TATATT ACAC

Table 4.1: Motifs per cell line per simulated example.

H Simulated Datasets | Cell Line 1 | Cell Line 2 | Cell Line 3 H

Example 1 11916 7566 -
Example 2 35665 15722 -
Example 3 35665 15722 80959
Example 4 17665 14079 8004

Table 4.2: Number of instances per cell line per simulated example.

in terms of motifs and number of instances, present can be found in Tables 4.1 and 4.2
respectively. In Example 1, there are two cell lines each with a separate motif; in Example 2,
there are also two cell lines but the dataset is more imbalanced than Example 1; in Example
3, there are three cell lines with some degree of class imbalance; and finally in Example
4, there are three cell lines, but data is a bit randomized, such that a motif present may
not always indicate binding. In Figures 4.3 a and b, we plot different evaluation metrics,
such as accuracy, specificity and sensitivity, across the simulated datasets for the training
and test data sets respectively. We validate that our models are indeed learning on both
balanced and imbalanced datasets, such that the minimum generalization performance is
0.93 across all examples and cell lines.

Now that we have established that SigTFB does indeed learn, we turn our attention
back to our 230 TF-AB combinations. Figure 4.4a displays a scatter plot of the mean
AUC of prediction when the network is (y-axis) or is not (x-axis) told what cell type it
is predicting for, with the color gradient depending on the negative log 10 p-values. Each
point corresponds to a TF-AB combination. We observe a continuum of cell type specificity,
where TFs with the least cell type specificity lie in the x = y diagonal of the scatter plot.
For these TFs, the cell type information does not improve prediction. The position of a
point along the diagonal may depend on the extent to which there are shared common
motifs for the TF across cell types, or even the extent to which the peaks themselves
overlap across cell types. Conversely, points lying above the diagonal indicate that the
network better predicts binding when informed of the cell type; these are TFs with the
most significant cell type specificity. In other words, there are signals in the DNA sequence
to which the network responds differently, depending on the cell type for which binding is
being predicting. Points in the upper left corner correspond to TFs where cross-cell type
prediction is virtually impossible, but is highly accurate for specific cell types. For such
TFs, each cell type is expected to have specific DNA motifs that discriminate its binding
sites.
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Out of 230 TF-AB combinations, 204 TF-ABs have a p-value of less than 107°, suggest-
ing that a majority of TFs have some degree of cell type DNA signatures in their binding
sites. We observe that many TFs have cell type specific binding patterns at differing de-
grees of specificity, where the majority of the points (approximately 143) show relatively
little predictability in the cell type general formulation (cell type general AUC<0.55). Of
the 143, 134 have a statistically significant degree of cell type specificity, with 70 showing
cell type specific AUC above 0.7. Figure 4.4b shows a histogram of the distribution of
AUC differences between Cell Type General and Cell Type Specific across the different TF
and AB combinations, with the bins containing ATF7, CTCF, HCFC1, BACH1, MYC and
SOX6 highlighted in red. TFs that play a pivotal role in cancer either as oncogenes or sup-

pressors, such as MYC [58, , , 266], BACH1 [60, , 279], ATFT7 [19, 85, , 161],
and SOX6 [38, ], show a relatively higher cell type specificity than other TFs, such as
CTCF [18, , 122] and HCFC1 [116, , 264], that are involved in chromatin regulation

or other cellular processes. Appendix Table B.1 and Appendix Figures B.1 to B.10 show
the AUC differences obtained for each TF-AB pair.

As explained above, the lack of overlap between binding sites in different cell types is not
evidence per se of any differential DNA signature. We next examined whether there is any
association between the two. Figure 4.4c plots the mean percentage peak overlap versus the
mean AUC difference for each TF-AB, with the color gradient depending on the number
of cell types and each point being a TF-AB combination. No clear relationship between
the two variables is seen (Spearman correlation r=-0.1). With either a high percentage
overlap between 75% and 80% or a lower percentage overlap between 65% and 70%, the
AUC difference ranges between 0.44 and -0.02. This suggests that mean percentage overlap
is not an indicator of cell type specificity.

We also investigate whether the number of cell types available for a specific TF-AB pair
contributes to the varying degrees of cell type specificity. With the cell type count per pair
ranging from 2 to 14, the differences observed could be attributed to the number of cell
types. A higher number of cell types may increase the likelihood of detecting a difference
in AUC — as the condition that results in cell type specificity may more likely be there.
Conversely, with more cell types, the number of false positives may increase, thus reducing
the possibility of finding a difference. With less cell types, on the other hand, a difference
in AUC may be a result of the quality of ChIP-seq experiments. The scatter plot in Figure
4.4d shows the relationship between the number of cell types and AUC difference, with
the red line depicting the mean AUC difference per cell type count. For the 101 TF-ABs
with exactly two cell types, the AUC differences varies between 0.44 and -0.02, suggesting
that the degree of cell type specificity is not impacted by the number of cell types when
the count is equal to two. Similar trends are observed with cell type counts less than
six. However, with a higher number of cell type, there is a limited number of experiments
available, making it impracticable to draw any conclusions.

Out of the 194 distinct TFs we studied, 24 were assayed with multiple ABs. Lack of
consistency across ABs due to different off-target biases or binding affinities may impact
the TEF’s DNA signatures. Moreover, different ABs may have been used on different sets
of cell types. Nevertheless, we may be reassured of the generality of our results if our
measure of cell type specificity is consistent between different sets of experiments for the
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same TF. For most of the TF's, 170 out of 194, only 1 AB is used (Figure 4.4e). However,
there are 19 TFs with at least 2 ABs — all of which are polyclonal. Figure 4.4f shows a plot
of the AUC differences between Cell Type Specific and Cell Type General for the 24 TFs
with at least 2 ABs. Each point corresponds to a TF-AB combination, with TFs ordered
by increasing average specificity. For example, CTCF was assayed with five different ABs,
with a consistent result of very little cell type specificity — all five AUC differences are below
0.14. Conversely, several TFs show consistently high cell type specificity across multiple
ABs, including: TCF12, SPI1, MNT, IKZF1 and DPF2. The least consistency is seen
for the TF ETV6. Surprisingly, both datasets for ETV6 explore the same two cell lines
GM12878 and K562, yet produce very differing results for cell type specificity: almost 0
for ENCABOOOABD and 0.37 for ENCAB997CJG. This may be due to differences in the
actual ABs used, or could be a result of differences in the total number of peaks per dataset
for each TF-AB combination.

4.5 Methods

Data accession and preprocessing

To identify the regions of enrichment along the genome for various TFs, we turned to the
ENCODE project [76]. Because different antibodies for a TF can have different speci-
ficities or biases, we chose not to mix data from different antibodies. We identified 230
transcription factor-antibody (TF-AB) combinations that were generated using the EN-
CODE uniform processing pipeline for replicated ChIP-seq experiments [56]. We required
experiments with data in at least two cell types. The pipeline maps pair-ended reads for
each ChIP-seq experiment to GRCh38 and obtains filtered alignments. It then takes as
input the filtered alignment BAM files from the replicates and the controls of the ChIP-seq
experiment to detect peaks that pass the irreproducible discovery rate (IDR) at a threshold
of 2% [56]. We used these peaks as input for our analyses.

For each TF-AB combination, we obtained the “experiment” level peaks across its
various corresponding cell types. Then, similar to the greedy approach used by Basset
[120] for chromatin accessibility, we repeatedly merged peaks from different experiments
across various cell types if they overlapped by at least 30bp. The center of each merged
peak is taken and extended by 50bp in each direction, such that the length of the intervals
are 101bp [120]. There can be multiple experiments for the same TF-AB combination.

Training and test set construction

We train a different model for each of the 230 TF and AB combinations (see Figure 4.1).
In stage one, described further below, the dataset per TF-AB pair is a multi-class dataset,
where each of the C cell types assayed for that TF-AB is one of the possible classes. Each
instance corresponds to a unified peak, as described in the previous section. A positive
instance is a sequence which is bound in a specific cell type by the TF under study, meaning
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they are regions that have passed the IDR threshold of 2%. Due to the merging of the
peaks, a negative instance is a sequence not bound by that TF in a specified cell type.
Because there can be multiple experiments for the same TF-AB pair in the same cell
type, the target output is deemed positive if a peak was detected for at least one of the
experiments in that cell type. The output is a binary vector of length C encoding which
cell types the unified peak is bound, or not bound, in. There is at least one element that
is bound (has a value of 1) in the output vector, and as many as all the elements bound,
if that peak is found in all cell types.

For stage 2 training, there are 2 x C' instances per unified peak. For C of those instances,
the input is a one-hot encoded DNA sequence representing the unified peak, as well as a
binary vector one-hot encoding one of the C' cell types. The output is 1 or 0 depending on
whether that instance is bound in that cell type or not. This is the cell type specific case,
where the model is informed about which cell type is being explored. For the remaining
C instances, a vector of all zeros is used, instead of a one-hot encoded vector, with the
same output and DNA sequence as before. This is the cell type general case, where we are
not informing the model which cell type we are investigating. Here, in the concatenation
step, we use a direct encoding of cell type, instead of the gene expression values used in
ChromDragoNN [165].

We split each TF-AB dataset into 90% training and 10% testing. At both stages 1
and 2, the training dataset is then repeatedly divided into training and validation at a
ratio of 8:2. At each iteration (per stage), we train the model on the training subset and
observe the performance on the validation subset. We use Ax for optimal hyperparameter
selection [22]. This is repeated 10 times for each stage for each TF-AB dataset. The
hyperparameters for stage 1 training includes learning rate, weight decay, initial weight
scales for the convolutional and fully connected layers, number of channels, batch size, and
the number of epochs. PyTorch 1.5.0 (GPU) with the Adam optimizer is used for stage 1
training.

Many datasets have an unequal distribution of instances across cell types for a specific
TF-AB. As a result, we observe poor predictive performance for the minority cell types
— although the overall predictive performance across all cell types for that model may
be high. To address the class imbalance issue, we develop a multi-label balanced sampler.
During training or testing, each mini-batch selected has the same number of total instances
per cell type, and each cell type has the same number of positive and negative instances.
Thus, we ensure that high overall predictive performance is not biased towards certain
cell types because of class imbalance across or within cell lines. Models with very poor
predictive performance per cell type per TF-AB (with specificity or sensitivity less than
0.2), even after addressing the class imbalance issue, are filtered out.

We also filter out ChIP-seq experiments with fewer than 100 positive or 100 negative
test sequences. If the size of the dataset is too small, then enrichment values may be too
optimistic.
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Neural network training

We formulate the training of differential binding per TF as a two step process (see Figure
4.1). All experiments were run on the Compute Canada platform. Models for each TF-AB
were trained on a single GPU (NVIDIA (R) Cuda V11.0.194).

Stage 1. Stage 1 is formulated as a multi-task classification problem, such that for
each input DNA sequence we predict whether or not its bound across multiple cell lines
for a specific TF-AB. We use a modified version of DeepBind [0] of one hidden layer CNN
with 404 binary inputs followed by a fully connected layer (Figure 4.1). Unlike DeepBind
[6], the number of channels in our model is set as a hyperparameter. We also investigated
the use of more complex models with more than one convolutional layer. However, the one
convolutional layer gave the best results in terms of validation accuracy and loss. We use
the Basset loss function, which was adopted by Basset [120] and ChromDragoNN [165],
both of which predict chromatin accessibility across various cell types. Moreover, the 230
datasets obtained, with a total of of 194 unique TFs, are those that passed the filtering
step in stage 1. That is, we discarded 20 datasets with a specificity or sensitivity of less
than 0.2 in stage 1.

Stage 2 We then adopt a transfer learning multi-modal approach for stage 2, inspired by
ChromDragoNN [165] (see Figure 4.1). In this stage, not only do we consider the genomic
sequence of the peak, we also include cell type specific and cell type general information
as input to the model. In stage 2 training, the genomic sequence is first input to the
convolutional layer from stage 1, which is initialized using weights of the best pre-trained
model with the optimized hyperparameters from stage 1. The convolutional layer from
the stage 1 model is then concatenated with the output generated by the fully connected
layer for either the cell type specific or cell type general data (refer to ” CL General OR CL
Specific” in Figure 4.1). The concatenated vector is then passed through a fully connected
layer. Finally, the output node then determines whether or not this genomic sequence is
bound in that specific cell type.

The negative log likelihood loss function with the SGD optimizer is used for stage 2.
We use the same multi-label balanced sampler in stage 1 to address the class imbalance
issue. Moreover, in addition to the stage 1 hyperparameters, stage 2 hyperparameters
include number of neurons per layer before concatenation, number of neurons per layer
after concatenation, freeze pretrained model, dropout probability and momentum rate. We
use Ax for hyperparameter tuning [22]. The area under precision-recall curve (AURPC) is
used to evaluate the primary performance of the stage 2 models.

4.6 Discussion

The complex structural and biochemical nature of protein-DNA interactions has made it
difficult to fully understand how various factors influence transcriptional regulation and
differential binding. We conducted a wide-scale investigation of TF and AB combinations
across various cell types to identify and quantify differential binding preferences of TFs.
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The DNA signatures constructed by our deep learning approach can account for many
factors that could determine the binding preferences of a TF, such as its intrinsic binding
preference, chromatin accessibility or co-binding factors. Different TFs display varying
degrees of cell type specificity in their binding preference. For instance, our close exami-
nation of ATF7 found substantial cell type specificity, whereas we saw virtually none for
CTCEF. Such cell type specificity, or lack thereof, is also reflected in learned DNA sequence
representations and motif enrichment analyses.

Differential binding analysis is one of the many key methods used for uncovering the
relationship between TFs and the human genome in mechanisms, for example, leading
to differential gene expression in tissue development or disease occurrence, or cooperative
binding of TFs with other proteins and TFs. Binding site identification, or peak calling,
of ChIP-seq can tell us whether a TF is binding the same or different sites in different cell
types. However, we have shown here that peak overlap has negligible statistical association
to the presence or absence of a DNA signature of differential binding.

Other deep learning approaches, such as MTTFSite [286] and Phuycharoen et al. [192],
have also explored differential binding of TFs across cell types. While MTTFSite and
Phuycharoen et al. adopt a similar learning framework to SigTFB in stage 1 training, in
terms of using a multi-task model, their problem formulation and objective fundamentally
differ. In MTTFSite, for example, prior to training, shared non-unique cell type instances
are defined as bound regions across cell types that overlap by at least 100bp, while the
remaining bound instances that do not overlap are cell type specific. In SigTFB, however,
the model is given all instances as input and learns to differentiate non-specific versus cell
type specific instances. The negative instances for a specific cell type in SigTFB are bound
regions in other cell types, while in MTTFSite and Phuycharoen et al. negative instances
are unbound regions in all cell types. SigTFB essentially learns to differentiate between
shared and unique motifs in cell types from only bound regions. Additionally, the scale of
the study differs. MTTFSite and Phuycharoen et al. investigate TF's in a total of 5 and 3
cell types respectively, while SigTFB explores all TFs in ENCODE with at least more than
2 cell types available, resulting in a total of 35 cell types across all TFs. Moreover, while
MTTFSite trains a shared multi-task model on all cell types, then evaluates the network
on previously defined cell type specific features, SigT'FB trains a private network for each
cell type in stage 2, using the weights from pretrained multi-task model of stage 1, to
learn the cell type specific features of a cell type via the concatenation of one-hot cell type
specific encoding. Through this approach, SigTFB demonstrates the varying degrees of TF
specificity across cell types on wide scale, and shows the common non-specific preferences
of a TF, as well as the unique cell type specific ones.

Similar to Novakovsky et al [170] and ChromDragoNN [165], we display the effectiveness
of transfer learning in a multi-task deep learning framework for the prediction of binding
profiles genome wide. Unlike these approaches, however, which mainly focus on cross cell
type prediction, where models are trained on some cell types and tested on other cell types
with limited data, we use transfer learning to acquire exclusive features per cell type. The
multi-task setting in the first stage of learning allows the model to learn generalizable
shared and unique features across cell types. Then, with the use of transfer learning,
the model is constrained to learn cell type specific features, allowing the learning of a set
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of motifs that cause cell type specificity. In addition to the type of learning used, data
representation, the criteria chosen for model evaluation, and the hyperparameters selected
are important factors we account for during the learning phase to achieve a more accurate
prediction of binding profiles at cell type resolution.

Most deep learning approaches, such as DeepBind [6], MTTFSite [286] and DanQ
[197], do not investigate the differences in ABs for the same TF when analyzing ChIP-seq
experiments. We hypothesized that ABs could greatly influence the quality of ChIP-seq
experiments. The polyclonal nature of ABs in ENCODE, for example, may result in ABs
targeting the same protein to have different specificities, affinities and off-target binding.
As a result, due to the lack of study on the consistency of functionality and performance
of ABs across TFs ENCODE wide, we separate experiments from different ABs for a
particular TF, and investigate the consistency in binding preference across different ABs
for the same TF. Overall, we find consistency across ABs for most TFs (~ 88%), while for
others the consistency is less apparent. Still, any lack of consistency in output may be due
to other factors, such as the quality of the ChIP-seq dataset, the controls selected for peak
calling, or the cell types available.

Information leakage occurs when the test data leaks into the training data. This leads
to misleading high generalization performance as essentially the model is being tested on
the same data it was trained on. Consequently, to avoid information leakage in Sig TFB, the
data is divided into training and test datasets prior to any training, and the test datasets
are never touched while training. Additionally, we use 10-fold cross validation to repeatedly
randomly divide our training dataset into training and validation — the model is trained
on the training dataset and validated on the validation dataset. We also preprocess the
training and testing datasets separately — preprocessing the overall dataset may influence
the training set from the test set. However, although we used many methods to avoid
information leakage, it can not be 100% guaranteed when dealing with ChIP-seq peaks.
Peaks in the training and testing datasets may be correlated depending on the peak caller
and the threshold used to determine whether a region is a peak or not.

The fundamental reasoning behind our study is that, by understanding how a deep
neural network can code for cis-regulatory regions in differentially bound cell types, we
can deduce the extent of cell type specificity of various regulatory proteins, and ultimately
study their impact on downstream genomic analysis. Nonetheless, we acknowledge some
limitations. First, the fact that a TF does not show cell type specificity in the cell types
available from ENCODE does not imply that it will not show cell type specificity in other
cell types. The human genome contains almost 1400 TFs [185], and despite the enormous
effort of the ENCODE consortium, we found only 194 distinct TF's assayed in more than
one cell type meeting our data set criteria. It is thus impossible to detect cell type specific
binding for the vast majority of TFs, and it is uncertain whether other TFs may show
specificity in other cell types. This underlines the importance of continued empirical study
of TF binding in a wide range of cell types. A second limitation is that, despite best
efforts, deep learning can at times fail to solve a prediction problem, even when a solution
is possible in principle. There may be TF's for which we failed to detect a cell type specific
signal, even when one is present. On the other hand, our careful checks against overfitting
suggest that when a cell type specific signal is present, it is likely genuine, especially when
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it is backed up by additional motif enrichment analyses. Thus, our results are best viewed
as providing evidence for cell type specific DNA signatures in many TFs, while providing
evidence against the same, without ruling it out, for other TFs. Thirdly, assumptions
made regarding the network architecture, such as the 101 bp input sequence or fixed filter
widths, may limit the learning capabilities of SigTFB. For instance, its inability to detect
widely spaced motifs or motif pairs with fixed spacing, suggests that some DNA signatures
relevant for cell type specificity may be possibly missing. Furthermore, in this work, we
use ChIP-seq data due to its high availability and accessibility for multiple TFs and cell
types. While ENCODE has many standards in place to ensure high data quality, other
experimental approaches, such native ChIP [205] or ChIP-exo [206], may provide less noisy,
higher resolution and more precise estimates of TF-DNA binding, and thus may ultimately
improve the search for DNA signatures. Finally, while the degree of cell type specificity
may be inferred from the TF-AB models, one can not directly infer the cause of such results.
Thus, future work may further explain the rational behind such cell type specificity with a
more in depth analysis of the different factors that cause cell type specificity in TF binding.

4.7 Conclusion

Many TFs are known to bind to different genomic sites in different cell types. Here,
we demonstrated that for some of these TFs, different binding sites are associated with
different DNA signatures, while others are not. We developed a deep learning prediction
framework that is capable of detecting such DNA signatures. Our results provide a basis
for future research into more specific molecular mechanisms that are reflected by these
signatures.
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Chapter 5

Motif Enrichment and Cell Type
Specificity in Transcription Factors

The majority of this chapter is extracted from “Cell Type Specific DNA Signatures of
Transcription Factor Binding” by Awdeh, Turcotte and Perkins submitted for publication
[17]. The source code for SigTFB involving the pre-processing of ChIP-seq data, classifica-
tion and downstream genomic analysis is available at https://github.com/aawdeh /SigTFB.
The data used is available at https://doi.org/10.20383/103.0605.

5.1 Author Contributions

Aseel Awdeh recognized the need for a better understanding of transcriptional regulation,
devised a method to address the limitations, wrote the software implementation, conducted
all the experiments and wrote the manuscript, all with input and guidance from Theodore
J Perkins and Marcel Turcotte.

5.2 Overview

The discovery of patterns from transcription factor (TF) binding sites is a known challenge
in molecular biology. To further explain the biology behind a TF’s cell type specificity, or
lack thereof, we conduct a wide scale motif enrichment analysis of the 194 TF's in question.
We show that the presence of alternate motifs correlates with a higher degree of cell type
specificity in TFs, such as ATF7, while finding consistent motifs throughout is usually
associated with the absence of cell type specificity in a TF, such as CTCF. In particular,
we observe that several important TFs show distinct DNA binding signatures in different
cancer cell types, which may point to important differences in modes of action. Moreover,
we find that motif enrichment sometimes correlates with gene expression in TF's with higher
cell type specificity.
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5.3 Background

Motifs, the building blocks of regulatory information, are defined as short, recurring se-
quence patterns derived from DNA, RNA or protein sequences that share common bi-
ological properties [63, 64]. In protein binding experiments, such as in-vivo chromatin
immunoprecipitation followed by sequencing (ChIP-seq) or in-vitro systematic evolution
of ligands by exponential enrichment (SELEX), TFs bind to multiple positions along the
genome in a sequence specific manner. The uncovering of the genomic occupancies, and
consequently the motif patterns of TF binding sites, is essential for the characterization of
TF proteins, and ultimately for the study and modeling of gene expression.

Sequence specific models for TF binding motifs are often deduced from data produced
by genome wide high throughput sequencing technologies, such as ChIP-chip or ChIP-seq,
or in-vitro sequencing technologies for a selection of TF binding sites, such as protein
binding microarrays (PBMs) or SELEX. Several methods, most of which commence with
the alignment of putative TF binding site sequences, have been proposed to represent the
sequence specificity of TFs [174]. A single consensus DNA sequence, for example, can
be used to model the binding preferences of highly specific interacting proteins [64, ],
such as restriction enzymes. The complexity of protein-DNA interactions, with regard to
variations in binding affinity and sequence degeneracy, has become increasingly evident. As
such, the inability of a consensus sequence to represent the binding preference variations of
a TF has resulted in the use of regular expressions [(1], position weight matrices (PWMs)
[235, 2306, 265] or other methods, such as dinucleotide models [222] or Markov models [220)],
to model the sequence specificity of TF binding. Despite the simplifying assumptions of
PWNMs, in terms of independent base positions and failure at times to detect low binding
affinity sequences or important biological features, such as gaps and multiplicity, they
are the community standard for providing a sufficient approximation of the true sequence
specificity of TFs.

Several computational methods have been developed to either directly or indirectly
infer PWM parameters from binding data to ultimately obtain realistic, compact and
accurate models of TF binding specificity — a review of the different approaches can be
found here [173, |. More recently, with the advent of deep learning and the plethora of
high throughout sequencing data, deep learning models have been adapted to characterize
DNA-binding protein specificity. Examples include, but are not limited to, DeepBind
[6], DanQ [197] and FactorNet [198]. These approaches indirectly estimate the sequence
specificity model of a TF via the classification of protein bound and unbound sequences.
Through the mapping of DNA sequences to binding classes, deep learning approaches are
able to more efficiently capture the complex binding preferences of a TF.

Explaining model predictions is a critical next step after the application of deep learning
in genomics. It is essential, for example, to uncover how and why particular sites are
selected and what motif patterns drive certain outputs. Various interpretation techniques
have been deployed to justify and verify that deep learning approaches are indeed learning
biologically relevant representations of TF binding sites. A simple strategy adopted by
many [0, , , , , , | involves the visualization of convolutional filters
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in convolutional neural networks, as they are known to detect local and global spatial
patterns in genomic data. Another method projects the activation values of the neurons in
the final fully connected layer into two dimensions using dimensionality reduction methods,

such as the t-SNE algorithm [157]. Other approaches include perturbation based methods
6, |, where the model input is altered and change in output is observed accordingly,
and gradient based approaches [151, , , , ], where the importance scores per

nucleotide per input position along a sequence are computed using the gradients of the
output with respect to the input.

Some interpretability techniques, such as visualizing convolutional filters or applying
t-SNE on the final fully connected layer, provide a global assessment of the motif pat-
terns found in all sequences. Others, such as perturbation and gradient based approaches,
however, focus on interpreting one sequence at a time to obtain scores at individual base
positions. However, the analysis of one sequence at a time may lead to an inadequate de-
piction of the motif patterns found. Thus, it is essential to analyze all motif patterns across
all sequences. The motif discovery problem is formulated as deriving motif patterns at un-
known positions with various lengths from a set of sequences. The derivation of motifs in a
unsupervised manner may involve the use of enumeration based algorithms [19, , |,
which are based on the exhaustive enumeration and search of all possible k-mers in a set of
sequences, or more sophisticated deterministic data driven probabilistic approaches, such
as Multiple Expectation maximizations for Motif Elicitation (MEME) [21], or stochastic
data driven probabilistic approaches, such as Gibbs Sampling [137]. Other motif enrich-
ment algorithms, on the other hand, such as TomTom [90], conduct motif comparison and
identify known motifs that exist at a statistically significant level in a set of sequences
from databases, such as TRANSFAC [158] and JASPAR [11]. These databases provide
a curated and systematically organized library of known TF binding preferences for TFs
across various species.

In Chapter 4, we implemented a deep learning approach, called SigTFB (Signatures of
TF Binding), to detect differences in DNA signature for a TF across cell types and quantify
the degree of cell type specificity. The analysis was conducted on 194 distinct TFs. In this
chapter, we aim to further elucidate the biology behind a TF’s cell type specificity. We
derive the motif patterns learned by the TF-AB models for both cases, cell type general
and cell type specific. Cell type general is when the model is not informed of the cell type,
while with cell type specific, the model is informed of cell type. We investigate the features
or motif patterns driving cell type specificity, or lack that of, for a specific TF-AB model.
The goal is to not only identify common motif patterns across cell types for a specific TF,
but to also infer unique patterns that drive cell type specificity in certain cell types versus
others for a specific TF. We build on SigTFB, developed in Chapter 4, and investigate
the DNA signatures associated with cell type specificity in various TFs, mainly ATF7 and
CTCF. We then conduct an overall assessment of motif enrichment across all TFs from
different TF families. Multiple motif enrichment methods, such as in silico mutagensis,
visualization of convolutional layers and t-SNE plots, are used to ensure consistency and
reliability of results found.
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5.4 Results

5.4.1 Determining the DNA signatures associated with cell type
specificity for ATF7.

We look into the DNA signatures/motifs that cause the network to predict binding differ-
ently in general versus specific cell types for ATF7. Many approaches have been proposed
for deriving important features from trained neural networks. In this section, we use several
different methods to ensure consistency and for better interpretation of the model.

First, adopting a similar approach to AI-TAC [157], we use the t-SNE algorithm to
present each ChIP-seq peak per cell type by its activation values in two dimensions across
the 99 neurons of the final fully connected layer of the stage 2 model. Figures 5.1a and 5.1b
show the ATF7 t-SNE plots for both cases of CL General and CL Specific respectively.
Each point represents an instance, and is colored depending on which cell type to which
it belongs. When predicting for general binding (Figure 5.1a), the DNA sequences, as
encoded by the final network layer, appear as an undifferentiated mass with no obvious
clustering structure, although the peaks from some cell lines do tend to be on one side or the
other of the mass. Only bound instances per cell line are shown in Figure 5.1a. However,
when CL information is provided, the network’s representation of the sequences groups
them perfectly by cell type (Figure 5.1b). Similar trends were observed when applying
t-SNE to other cell type specific TFs, such as CREM and SP1, as seen in Figures 5.2 and
5.3.

We then explore the influence of the convolutional filters from the convolutional layer
and their projections into this space. To do this, we converted the filters into PWMs
and then used TomTom [90] to search for the PWMs in the JASPAR database [11] (See
Methods). Our emphasis was on filters with significant similarities to known motifs of TFs
in JASPAR; we found that filters without significant matches usually captured partial or
variant motifs for known TFs. We note that filters could have more than one significant
motif match, however, we focused on the single best match for simplicity. For example,
~40% of the filters matched best to the JUND motif, a basic leucine zipper factor. Figure
5.1c shows that the JUND motif is present in many bound sequences across the four cell
lines, although it appears more enriched in subclusters of the MCF-7 and HepG2 peaks.
ATF7 and JUND both have basic leucine zipper domains, and are known to physically
interact [61]. Another set of filters matched the SP2 motif. Figure 5.1d shows this motif is
found in many fewer peaks, and primarily a subgroup of GM12878 peaks. Notably, C’s and
G’s are enriched in the SP2 binding site motifs in this cell type, although a link between
SP2 and ATFT has yet to be established.

To further explore the DNA signatures the network learns, we use another interpretation
technique called in silico mutagenesis (See Methods). We apply in silico mutagenesis to the
ATF7 test sequences to infer TF binding sites per cell type. We compute the differences
in network output when altering each element of the DNA input to each other possible
nucleotide, and obtain mutation maps per sequence per cell type for both cases of CL
Specific and CL General. The white color in the mutation maps indicates no change, while
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blue or red refer to a drop or increase in predicted probability of binding respectively.
Examples of mutation maps for different test sequences can be seen in Figures 5.1e to
j. The mutation maps labeled “CL General” visualize the influence of the perturbed
nucleotides along the sequence with cell type general information, while those labeled with
the cell type name refer to the cell type specific state. Below the cell type name in the
mutation maps is an indication of whether or not the sequence is a peak in that specific
cell type. The network-predicted peak probability is included below that.

The sequence in Figure 5.1e yields the same result for both cases of cell type specific
and cell type general across all the four cell types. The mutation maps highlight the
subsequence “TGACGTCA”, which is equivalent to the ATF7 motif profile in JASPAR.
The network output is especially sensitive to the ATF7 motif when predicting for MCF-7
and HepG2, and less so for K562 and GM12878, although it still correctly predicts that peak
for all cell types. Next, we focus on the sequences in Figure 5.1f, g and h. These sequences
are peaks, and correctly predicted to be peaks, in MCF-7 and HepG2, and not peaks, and
correctly predicted not to be peaks, in GM12878 and K562. In Figure 5.1f, the ATF2 motif
of “ATGATGTCAT” is observed in HepG2 and MCF-7, but not detected as important
in GM12878 and K562 nor cell type general. Indeed, altering some nucleotides in K562
and GM12878 actually increases the peak probability of the sequence. Other ATEF7 motif
variant patterns, such as “ATGACATCAT” and “TGATGCAAT”, are observed with cell
specific information in Figures 5.1 g and h respectively, where the motif pattern is clearly
apparent in HepG2, barely apparent in MCF7, and non-existent in K562 and GM12878.
Conversely, we observe alternate behavior in Figure 5.11 — where the sequence is considered
to be a peak, and predicted to be a peak, in K562 and GM12878, and not a peak, and
predicted not to be a peak, in HepG2 and MCF-7. No motif patterns are highlighted along
the entire 101bp peak length, even though the network correctly predicts the peak for K562
and GM12878. It is not clear whether the network is predicting a peak by “default” and
then suppressing that prediction in HepG2 and MCF-7 due to lack of a satisfactory motif
or some competitive binding signal, or if there is some other multiply-present, redundant
pattern that causes a positive prediction for GM12878 and K562-perhaps some co-binding
factor with a motif very unlike the ATF family motifs.

To more systematically connect the important input sequence regions identified by in
silico mutagenesis with known TF binding motifs, we extracted subsequences of length 31bp
centered on the nucleotide with highest impact on prediction, and searched for enriched
motifs using FIMO [6] (See Methods). Figure 5.1k (top) shows a heatmap of the ratio of
the number significant motif hits to the total number of bound peaks per cell line per motif.
We notice two main clusters of cell lines — each of which shows enrichment for a subset
of motifs. As expected, the bZIP motifs, such as ATF2, ATF3, ATF4, ATF7, CREM and
JUND are enriched in all four cell lines, with relatively more enrichment seen in HepG2
and MCF-7 as opposed to K562 and GM12878. Many TFs originate from TF families
with similar DNA binding motifs, where motif enrichment is expected, but this does not
necessarily denote involvement. Moreover, similar to the t-SNE output, we notice mild
enrichment of SP2 (and other motifs, such as KLF3 and KLF4) in K562 and GM12878,
and no enrichment in MCF-7 and HepG2.

In addition to scanning the test sequences using FIMO, we obtain the RNA-seq gene
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Figure 5.1: Motif enrichment for ATF7.ENCABO00BMO (a) t-SNE plot with cell type general
concatenation. (b) t-SNE plot with cell type specific information. (c¢) and (d) are projections of
the motifs JUND and SPI1 respectively onto the cell type specific t-SNE plots. (e), (f), (g), (h),
(i) and (j) are mutation maps generated using in silico mutagenesis on different test sequences.
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(continued) Motif enrichment for ATF7.ENCAB000BMO. (k) Heatmaps of
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expression for the motifs across the four cell types (See Methods), as shown in Figure 5.1k
(bottom). For many TFs, such as ATF4, CEBPA, CEBPB, CTCFL, JUN and JUND,
there are similar patterns in both motif enrichment and gene expression — meaning motifs
that are enriched across the four cell types are also expressed in the corresponding cell
lines. However, there are TFs showing motif enrichment unrelated to expression. Results
may be due to similar motifs showing enrichment for something not expressed (such as
KLF4), co-expression with other TFs without binding, or competitive binding with other
factors. SP2, for example, is expressed in HepG2 and MCF-7, but its motif is not enriched
in those peaks.

5.4.2 Determining the DNA signature associated with CTCF
binding.

We next explore the cell type specificity, or lack thereof, in CTCF binding. Similar to our
previous analysis on ATF7, we first apply the t-SNE algorithm on the last fully connected
layer produced per cell line from the pretrained stage 2 model. We compare both cases
of CL General and CL Specific for the TF CTCF and AB ENCABO00AXX (Figures 5.4a
and b). The plot in Figure 5.4a has no clear structure, similar to what was observed for
ATF7. However, in Figure 5.4b, there are distinct clusters of DNA sequences — not from
individual cell types, but from groups of cell types. For instance, the yellow /green/orange
cluster towards the bottom comprises primarily peaks from smooth muscle cells, astro-
cytes, myotubes, and hepatocytes. Some clusters are divided into two parts. The cluster
encompassing the yellow, green and orange points, for example, is found in two different
locations in the t-SNE plot. This is also true for the top cluster of purple, blue and brown
points. Some degree of cell type clustering is apparent, however the cell type groupings
of sequences are not as clearly evident as in ATF7. Only positive instances per cell type
are displayed in the plot, however. Thus, a separation of some positive instances does not
necessarily indicate that the model is performing well on the negative instances.

We also examined the filters in the first convolutional layer of the network to discover
what known TF PWMs they resembled. In Figure 5.4c, we show the non-uniform distri-
bution of CTCFL. CTCFL (CCCTC-binding factor like) is a paralog of CTCF, and thus
both share the highly conserved zinc finger DNA binding domain [32, (62]. However, unlike
CTCF, CTCFL is known to be more cell type specific [32, 62]. We notice that CTCFL
avoids the lower right yellow/green clusters and the upper center purple/blue/green clus-
ter. The cell types in the yellow/green clusters include the smooth muscle cell, myotube,
astrocyte and hepatocyte.

Next, we use in silico mutagensis and FIMO to identify motifs enriched across the
14 cell types, as seen in Figure 5.4d (top). Unsurprisingly, different cell types show very
similar patterns of motif enrichment, with the highest enrichment observed for CTCFL, and
relatively high enrichment for other motifs, such as NEUROD1 and ZEB1. Additionally,
similar to ATF7, we visualize gene expression per motif per cell line (Figure 5.4d (bottom)).

Analogous behavior is observed for CTCF using another AB ENCABOOOAFR with a
smaller number of cell types, as seen in Figure 5.5. With five cell types as opposed to 14,
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Figure 5.4: Motif enrichment for CTCF.ENCABOOOAXX. (a) t-SNE plot with cell type
general concatenation. (b) t-SNE plot with cell type specific information. (c) Projections of
CTCFL motif onto the cell type specific t-SNE plot. (d) Heatmaps of motif enrichment (top)
and gene expression (bottom) per cell line across motifs.
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(b) t-SNE plot with cell type specific information.
expression (bottom) per cell line across motifs.

concatenation.
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clustering using the cell type specific concatenation does not produce a distinct cluster for
each cell type, rather it produces distinct subgroups of cell types that may be more cell
type specific than others.

5.4.3 Learned motifs across TF families.

In this section, we examine the motif enrichment for various TF and antibodies (ABs).
As previously discussed, we apply in silico mutagenesis and FIMO on all TF-AB models
(See Methods). TFs from the same families have identical DNA-binding domains [7, 80].
As a result, we focus on homologous TF's that are part of TF families, as provided by the
hierarchical clustering of the DNA binding domains in the JASPAR database [15, 80, 170].
This gives a total of 261 TF-AB and cell type combinations.

Heatmap of motif enrichment: Figure 5.6a visualizes the ratio of significant motif
hits identified by FIMO to the total number of binding sites per TF-AB and cell type.
The columns in the heatmap correspond to the ChIP-seq experiments in the form TF-AB-
CL. The rows correspond to known motifs from JASPAR [11]. Each group of ChIP-seq
experiments (columns) is part of a TF family, and is given a unique color as shown at the
top of the heatmap. Different clusters of motifs are especially enriched in different clusters
of ChIP-seq experiments (labeled A, B, C, D1, D2, E).

To more clearly visualize the trends observed, Figures 5.6b-g display enlarged heatmaps
of each cluster. Cluster A, for example, consists of the TFs BHLHE40, MAX, MNT, MYC,
USF1 and USF2, which are part of the bHLH-ZIP and Hairy TF family. We notice uniform
patterns of enrichment across motifs and cell types in USF1 and USF2, meaning the level
of motif enrichment across their corresponding cell types does not change. This indicates
a lack of cell type specificity, and is consistent with the low degrees of cell type specificity
of less than 0.1 (Appendix Table B.1). MAX, however, has a higher degree of cell type
specificity of 0.15. This is due to the very low levels of enrichment motifs in liver, while the
other four cell types have a higher and more constant level of motif enrichment. Similar
behaviours can be seen for MNT with either antibody, and MYC. The TFs in this family,
do not all show similar levels of enrichment across the motifs. For example, although the
motif SREBF1 is enriched in all TFs, it is overall more enriched in BHLHE40, USF1 and
USF2 in comparison to MAX, MNT and MYC. This may because the TFs MAX, MNT
and MYX suppress SREBF1.

Similar trends of varying enrichment levels across different cell lines for the same TF
and AB combination are also observed in the other clusters. For example, in cluster B
for ETS1, we observe that most of the motifs (ELK1, ETV5, ETV4, GABPA, etc.) are
enriched in the cell types A549, GM12878 and GM23338, but not in K562. As such, K562
has the highest difference in AUC between cell type specific (~0.68) and cell type general
(=0.56) concatenation, in comparison to the other cell types.

The Fos/Jun TF family has two main clusters, D1 and D2. Cluster D2 (Figure 5.6f)
shows varying levels of enrichment in most members of the Fos/Jun TF family across
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Figure 5.6: Overall motif enrichment. (a) Heatmap of motif enrichment. Each column corre-
sponds to a TF-AB and cell type combination, and each row corresponds to a motif ID. Each TF
family is given a unique color as seen at the top of the heatmap.
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motifs from the MAF-related family, BACH, FOS/FOSL and JUN/JUND. For instance,
the MAF motifs at the top of the heatmap show relatively little enrichment compared
to the other motifs below, such as BACH1 and FOSL1, with some cell lines, such as
JUN.ENCABOOOAER.Ab549, having more enrichment for these motifs than others. More-
over, the cell lines, JUN.ENCABOOOAER.H1 and JUNB.ENCABOOOBQG.GM12878, have
the lowest motif enrichment compared to other cell lines in the cluster. There are also
observable differences between cells types for FOS, FOSL2 and JUN, which is consistent
with the moderate level of cell type specificity obtained by SigTFB. Cluster D1 (Figure
5.6e), on the other hand, displays different trends for another set of motifs. Notably,
JUN.ENCABOOOAER.H1, which lacks enrichment for D2 motifs, shows significant enrich-
ment for D1 motifs, including JUN and JUND motif variants that are different between
blocks D1 and D2. Additionally, in all the cell types for FOS and FOSL2 in cluster D1,
there is little to no enrichment for motifs CREB1, CREM, ATF7, ATF2 and ATF3.

Another group is cluster E, in Figure 5.6g, which consists of the TFs BACH1, MAFK
and NFE2L2, part of the B-ATF/Jun/Maf TF family. For the ChIP-seq experiments
MAFK and NFE2L2, we observe varying patterns of enrichment across their corresponding
cell types. These results are consistent with the AUC differences obtained earlier of more
than or equal to 0.1 — which indicates a higher degree of cell type specificity. MAFKs
are part of the small MAF TF group, and are a member of the bZIP family. They are
known for their role in gene expression regulation in multiple cellular processes. There is no
sufficient evidence to suggest any cell type specific functionality, or lack that of, of MAFK
[36]. Different, more apparent, trends are observed across cell types for BACH1. Cell
types K562 and H1 show high levels of enrichment for all motifs, while cell type GM12878
displays no motif enrichment.

Ideally, ChIP-seq experiments with different ABs for the same TF identify similar
peaks, and therefore similar DNA signatures in those peaks. Although Figure 5.6 shows
consistency in motif enrichment across ABs for the same TF, exceptions to this notion do
exist. Examples of consistent levels of enrichment in the same cell types for different ABs
can be seen in MNT.ENCABOOOBCL and MNT.ENCABS887GAG in Cluster A (Figure
5.6b), and ELF1.ENCABOOOAGA and ELF1.ENCAB7780CYV in Cluster B (Figure 5.6¢).
A lack of consistency in enrichment can be seen in Cluster B, however, more specifically in
ETV6.ENCABOOOABD and ETV6.ENCAB997CJG for cell type GM12878. This can also
seen in the drastic differences in AUC difference obtained for each of TF-AB, as discussed
earlier.

Networks of motif enrichment: Figure 5.7 provides a graphical representation of the
most significant motif hits (ratio> 0.5) in cell types: A549, K562 and HepG2. Each node
in the network represents a TF /motif. Directed arrows point from TFs representing ChIP-
seq experiments (or TF-AB combinations) to known motifs enriched in that experiment.
Enrichment values from different versions of the same motif are averaged. Arrows are
colored according to which cell type(s) show enrichment. Appendix Figure C.1 displays
motif networks for other cell types (GM12878, MCF-7, liver, H1, HeLa-S3, HCT116, IMR-
90, SK-N-SH).
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The three selected cell types are cancerous: A549 is lung carcinoma, HepG2 is hepato-
cellular carcinoma and K562 is leukemia. There are three main groups of TFs/motifs in
Figure 5.7 (labeled a, b and ¢). Figure 5.7a, for example, is composed of TFs from the FE26
transformation-specific (ETS) TF family. We notice enrichment of many ETS motifs, such
as ETS1, ETV6 and ELKS3, in all of three cell types for the GABPA TF (dashed maroon
edges in Figure 5.7a). Abnormal levels of ETS motifs are often associated with cancer
development and progression [101, ]. Additionally, although many of the ETS motifs
are enriched in all three cell types, ELF4, ELF1 and ERG are only enriched in K562 and
HepG2, and not in A549 (purple edges in Figure 5.7a).

Figure 5.7b constitutes the FOS, JUN, MAF and ATF sub-families — part of the ac-
tivator protein-1 (AP-1) TF family. We notice the enrichment of the AP-1 motifs: FOS,
BATF3, FOSL1, BATF, FOSL2 and JUNB, in all three cell types for the JUND TF (dashed
maroon edges in Figure 5.7b). AP-1 TFs play an important role in cancers and impact the
proliferation, differentiation and apoptosis of cancerous cells [262]. While in most cancers
such as breast [209, 246] and lung [111, ] cancers, the AP-1 TFs act as oncogenes,
in other cancers, such as leukemia, they may either act as oncogenes [37, 70] or tumor
suppressors [175, , |. For instance, in spite of ChIP-seq data being available for
the JUN TF in all cell types, we notice a difference in enrichment across the cell types.
There is no significant enrichment of any motif for the JUN TF in K562, while in HepG2
and Ab49 the AP-1 TFs are enriched. This may be because JUN is suppressed in K562.
Another example is BACH1, which shows enrichment for many of the AP-1 motifs, but
only in K562.

Similar behaviours of variations in motif enrichment across cell types for a specific TF is
shown in Figure 5.7c for the upstream stimulatory factors, USF1 and USF2. For example,
the motifs TFE3, BHLHEA41, USF1, USF2 and MITF are enriched in A549 and K562 for
the TF USF2, while BHLHE40 and MAX are only enriched in K562 and not in A549. It
is also important to keep in mind that ChIP-seq experiments may not be available for all
three cell types. Thus, having enrichment only in one cell type may be due to ChlIP-seq
data being only available for that TF in that specific cell type, such as the case of TFs
SPI1 and EGRI1 in cell type K562 in Figure 5.7d.

Visualizing convolutional filters: Another method used to understand the motifs
identified in each TF-AB model is the visualization of the convolutional filters (See Meth-
ods). We compute three parameters per filter per model: (a) the overall filter influence,
(b) the number of activated sequences per filter, and (c¢) the g-value of the motif found
by TomTom [90] for that filter. The overall filter influence is the difference in prediction
with and without the filter when concatenating cell type specific information. It should be
noted that the concatenation of cell type general or cell type specific information occurs
after the computation of the convolutional layer activation values (as seen in Figure 4.1).
As such, regardless of what the concatenation is per model, the PWMs/filters stay the
same.

Figure 5.8 is a scatter plot which combines the three parameters per TF-AB across
all TF-ABs. The y-axis and x-axis correspond to the ChIP-seq experiments in the form
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“TF.AB” and the overall filter influence per filter per model respectively. The TF-ABs
are arranged in alphabetical order. Each point in the scatter plot represents a filter for
a specific TF-AB model. Only filters with significant g-values from TomTom are shown.
The color gradient signifies the -logl0 g-value of the TomTom match, while the size of the
markers represents the fraction of the activated sequences. We notice varying numbers of
unique filters per model across the ChIP-seq experiments. In some cases, such as 5 out 6 of
the CTCF experiments, only one significant filter (CTCFL) is identified. Additionally, in
some cases, the greatest fraction of sequences activate the shared motifs across cell types
for a TF-AB. For ATF7, for example, a large portion of the sequences activate the JUND
(bZIP) filter which is a common motif across the four cell types.

5.5 Methods

5.5.1 Feature attribution with in silico mutagensis and FIMO

We apply in silico mutagensis on test sequences per cell type for each of the 230 TF-AB
pre-trained models. Using in silico mutagensis, we change each nucleotide to every other
possible value and observe the output of each perturbed sequence. From the mutation
map per sequence, we then extract a 31bp subsequence with the largest impact on output.
That is, we select the nucleotide along the sequence that is most negatively influenced by
perturbation, and extend it by 15bp in each direction.

To analyze the subsequences per cell type per TF-AB model, we then use FIMO 5.0.3
to search for motifs in the subsequences using known JASPAR human motifs [11] that are
based on at least 1000 sites and had log p-values of at least 100. This gives us a total of 400
JASPAR motifs. For each cell type per TF-AB, and each motif, we find the ratio of the
number of significant motif hits identified by FIMO to the number of total peaks for that
cell type. We then find the top 20 motifs with the highest ratio. By using this approach,
we account for enrichment as well as the number of peaks per cell type per TF-AB. We
finally take the union of the these motifs across the cell types to construct the enrichment
and expression heatmaps in Figures 5.1, 5.2, 5.3, 5.4, 5.5, and 5.6.

Moreover, we obtain RNA-seq expression for the 35 distinct cell types across the 230
TF-AB pairs. The same cell type may appear in more than one TF-AB pair. We extract
gene level expression data, both polyA and total RNAseq, in the form of transcripts per
million (TPM) per cell type from ENCODE [50] — data that was generated using the
uniform processing pipeline on unperturbed cell types. In the event that there is more
than one RNA-seq experiment, be it polyA or total RNA-seq, available per cell type, the
average TPM per gene per cell type is taken.

5.5.2 Filter Visualization

Motifs are derived from filters in the first convolutional layer of the network, using a similar
approach to AI-TAC [157]. Each filter for each TF-AB model is converted to a PWM.
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Across all sequences for a specific TF-AB combination, subsequences of length 19bp with
activation values greater than the set activation threshold are selected — subsequences that
activate the filter are selected. Next, we construct a position frequency matrix from the
aligned subsequences, and convert the position frequency matrix to a PWM using a uniform
background nucleotide composition of 0.25. Since the number of filters per TF-AB model
is set as a hyperparameter during training, this analysis yields a varying number of PWMs
per cell type per TF-AB to capture the motifs detected by the filters. We assign known
motifs to the PWMs derived from the filters in the first layer of the networks. The PWMs
are compared to human motifs in the JASPAR database [11] using a quantifying tool called
TomTom [90], and PWMs/motifs with significant -log10 g-values are shown. The fraction
of sequences that activate each filter per model is also reported.

5.5.3 Filter Influence

We measure and quantify the impact of each filter per TF-AB for all models. To do this, we
first remove each filter, one at a time, and replace all its activation values with the average
activation value of that filter. Next, for all instances for a TF-AB model, we measure the
difference in prediction before and after removal for that specific filter. That is, we use the
modified filter instead of the original filter, and obtain a modified prediction output vector
for the modified filter. The overall filter influence for each TF-AB model is defined as the
squared mean difference between predictions with and without that filter.

5.6 Discussion

Understanding the inner workings of deep learning models is a challenge due to the non-
linear nested structure and complexity of deep networks. In the previous chapter, we
developed a deep learning tool called SigTFB to detect and quantify cell type specificity
of TFs in different cell types, and showed how different TFs exhibit varying extents of
cell type specificity in their binding preference. Here, we aim to further understand the
differentiating motifs that lead to cell type specificity of a TF across cell types, and to also
uncover the shared non unique motifs that result in the cell type general case.

We conduct an overall wide-scale motif enrichment analyses on TFs from different TF
families, and display the varying levels of motif enrichment per family. Different inter-
pretability techniques are used to uncover motif patterns corresponding to each of TF-AB
models. We find that cell type specificity, or lack thereof, is often reflected in learned DNA
sequence representations and motif enrichment analyses. A TF with a higher degree of cell
type specificity typically corresponds to differentiating levels of motif enrichment across
cell types, while a TF with low cell type specificity has relatively the same levels of motif
enrichment across its cell types. Moreover, within the same TF family, most TFs display
similar levels of enrichment for some motifs as opposed to others. Motif enrichment per cell
type is also visualized as a network, where the most significant motifs enriched in the dif-
ferent experiments are shown. The networks display how and what TFs and motifs group
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together for each cell type. Upon further investigation, we notice that the grouping of the
different TFs and motifs is often validated by recent work in the literature. The different
interpretability and visualization techniques provide a general reassurance of consistency
in output.

Interpretability methods are used to understand and confirm that SigTFB is learning
biologically relevant representations. A key challenge of all interpretability techniques is
the absence of suitable quantitative validation methods to evaluate the quality of motif
representations inferred. Moreover, understanding the limitations associated with these
approaches is essential to avoid misleading interpretations of results. Drawbacks of per-
turbation based methods, for example, include the interpretation of one sequence at a
time, and the underestimation of the importance of input features due to the saturation
problem. The perturbation based method used in this chapter also involves a more com-
putationally feasible approach, which changes one nucleotide at a time, instead of a subset
of input features, which although better is computationally inefficient. Albeit a global
interpretability approach, the visualization of convolutional filters in the first layer may
impede interpretability in the case of deep neural networks, as deeper networks typically
learn redundant and partial motifs at each layer. However, networks with fewer layers, such
as SigTFB, are able to learn full motif patterns from the first layers of network [124]. Tt is
also important to note that in SigTFB, convolutional filter activation values are set before
concatenating cell type specific or cell type general information. Thus, while visualizing
convolutional filters for SigTFB does not help in investigating a TF’s cell type specificity,
it provides a general overview of what motifs the filters represent. For future work, other
interpretation techniques, such as gradient based approaches, may also be used to further
uncover the motif patterns resulting in cell type specificity of TFs. However, limitations
of such approaches in terms of noisy gradients and saturation also need to be accounted
for. Finally, it is important to note that our confirmatory motif enrichment analysis is
limited by the current state of knowledge. Like ENCODE, JASPAR includes data on a
relatively small fraction of all human TFs. Not all motifs are in JASPAR, and not having
matches may not necessarily be because there are not any significant matches, but because
there are not any matches in the JASPAR database for this motif, which emphasizes the
importance of further effort in that domain. Other databases, such as CIS-BP [250], may
also be explored for further analysis.

The reasoning behind the varying degrees of cell type specificity of various TF-AB
models is difficult to directly infer. Thus, future work may further explain the rational
behind such cell type specificity with a more in depth analysis of the different factors that
cause cell type specificity in TF binding. Additionally, when analyzing the t-SNE plots for
some TF-ABs, such as CTCF, we observe distinct subgroups of cell lines within clusters
than may be more cell type specific than others. As such for future work, one might
explore the cell type specificity in terms of a group of cell lines within a group, rather
one cell type at a time. Also, when examining the relationship between motif enrichment
and gene expression, we notice that some motifs may enriched but not expressed, and vice
versa. Future work may involve investigating why such behavior is observed across all cell
lines.

Our work further extends Chapter 4 by elucidating the biology behind a TF’s cell
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specificity, or lack that of, via the use of in silico mutagensis and various other motif
enrichment and interpretability methods. Our goal is to uncover the motif patterns that
drive a difference in DNA signatures for TFs across various cell types, and to derive overall
patterns of enrichment per cell type or per TF.

5.7 Conclusion

Determining the motif patterns that drive the model to produce certain predictions is es-
sential for unravelling the black box nature of deep learning models. Here, we demonstrated
the relationship between differential motif patterns and high cell type specificity, and fur-
ther identified the specific cell types and motifs per TF-AB that may cause the varying
degrees of cell type specificity, or lack that of. We conducted a wide scale motif enrichment
and interpretability analyses to uncover the patterns driving cell type specificity in the dif-
ferent TF-AB models. Our results lay the foundation for further exploration of the reasons
behind a transcriptional regulator’s cell type signature in terms of motif enrichment and
gene expression.
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Chapter 6

Conclusion

A key challenge in human genomics is deciphering the functionalities of the non-coding
regions in the human genome. In this thesis, we discussed methods related to enhancing the
overall efficiency and reliability of machine learning models applied for scientific innovation
in regulatory genomics. It commences with an investigation on bias and noise in ChIP-seq
experiments to the analysis on the heterogeneity of ChIP-seq and the DNA signatures of
TFs. Ultimately, and ideally, the aim is to build models that accurately and effectively
represent the biology behind molecular processes, as well as to tackle the noise and bias
associated in the generation and processing of ChIP-seq data.

The first aspect of the thesis encompasses the analysis of bias and noise associated with
ChIP-seq experiments. Many errors in peak calling, more specifically of type I error, arise
from a combination of bias and noise. We develop a peak calling algorithm, WACS, which is
an extension of a pre-existing commonly used peak calling method called MACS2. The goal
of WACS is to alleviate the bias influence associated with each ChIP-seq experiment via
the incorporation of a weighted customized selection of controls. WACS provides a smart
control construction method, which proves to be beneficial for peak calling and further
downstream genomic analysis, such as motif enrichment and reproduciblity. Additionally,
WACS proves to be a more selective peak calling method compared to other peak callers.

Another dimension we investigate is the ability to reveal the cell type specificity of
transcription factors from ChIP-seq data itself. This challenge is addressed two-folds from
a computational perspective. We first use a deep learning approach to uncover the het-
erogeneity in the DNA sequences underlying ChIP-seq peaks. We conduct a wide scale
analysis of TF's to identify and quantify the extent of cell type specificity of various TFs
enriched in different cell types and tissues. We demonstrate the existence of cell type speci-
ficity in many TFs, and the absence of cell type specificity in other TFs. We also explore
the consistency of cell type specificity when having different ABs for the same TF. Next,
in the second part of our analysis, after demonstrating the cell type specificity of various
TFs, we further elucidate the biology behind the existence or absence of cell type specificity
in a TF. We conduct a wide scale motif enrichment analysis of all TF and AB combina-
tions. Using several motif enrichment analysis techniques, we demonstrate the there is a
consistency in cell type specific predictions, achieved earlier, and motif enrichment.
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Overall, in this thesis, we tackle different issues for a better and more concrete under-
standing of transcription regulation.

6.1 Limitations and Future Work

The approaches implemented in this thesis have enhanced our knowledge in regulatory
genomics. Nevertheless, there are some limitations, in terms of technology, methods and
data, which are essential to acknowledge. In this section, we discuss limitations that arise
in the analysis of ChIP-seq data and the use of deep learning in genomics.

6.1.1 Analysis of ChIP-seq

We will first focus on obstacles associated with ChIP-seq analysis. As previously discussed,
ChIP-seq technology is a gold standard used for the detection of TF binding sites and hi-
stone modifications genome-wide. However, as with every high throughput sequencing
technology, it is not without flaws. Systematic and procedural artifacts arise at each step
of the multi-step ChIP-seq protocol, impeding the utilization of ChIP-seq to its fullest
potential. One way to alleviate bias found in different ChIP-seq experiments is via the use
of WACS, as discussed in Chapter 3. However, due to the multi-faceted nature of ChIP-
seq, there may still be some biases and noise that have not been addressed. Thus, future
directions may include a further investigation in the types of bias or noise present before
and after the use of weighted controls. Similar to BIDCHIPS [200], a recent method imple-
mented in our lab, the ChIP-seq signal could be perceived to have varying quantifiable, and
thus measurable, sources of bias. Are there specific biases alleviated by the use of WACS?
Which biases still exist regardless even after using WACS? A systematic comparison of
multiple peak callers can then be conducted to quantify biases found by different methods
for a ChIP-seq experiment. Moreover, more recently, the use of controls in peak calling
was questioned [281]. This was based on the assumption that high correlation between
control and treatment samples suggests that the control signal can be derived from the
treatment sample, making the control sample redundant. Albeit an interesting observa-
tion, experiments were only conducted on simulated ChIP-seq data, not real genomic data,
and the correlation between the control and treatment samples varies in real data. Future
work may involve investigating the degree to which controls are required by different real
ChIP-seq experiments across various TFs and cell types (or tissues).

Peaks are a mixture of true regions of enrichment and the background signal. Ideally,
for more accurate output, WACS would fit the controls to the background signal of the
ChIP-seq experiment. That is not the case, however, as the regression model in WACS
does not know which portion of the signal is background. As such, some regression targets
are incorrect as they represent the actual regions of enrichment. It can be thought of as a
chicken and an egg problem — where a peak caller is first needed to identify the regions that
are not peaks (background signal of the ChIP-seq), and a weighted peak caller (WACS)
is then required to estimate weights per control to model the background signal of the
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ChIP-seq experiment needed for peak detection. Thus, information about the peaks prior
to weight control estimation is needed. This information is then used for peak detection
again. For future work, an iterative process may be developed in an attempt to set up
the regression to focus on the background signal of the ChIP-seq data. The approach may
involve estimating the weights per control, finding the peak regions in the ChIP-seq data,
and censoring those peak regions from the ChIP-seq signal. This can then be repeated
multiple times until all peak regions from the ChIP-seq signal are removed. Finally, it is
important to note that the influence of regression on peak regions will most probably be
very low — as 99% of regions along the genome are not peaks and only a small fraction are
considered to be actual peaks.

As with any other high throughput sequencing technology, the mapping of reads to
a reference genome is an important step in determining the location of reads along the
genome. In this thesis, the latest reference genome GRCh38/hg38 is used. Following
mapping, the number of reads per region along the genome is calculated and regions of
enrichment are identified. However, reads may originate from cancerous cell lines, such as
K562, suggesting that there may be mutations in cancerous genomes not accounted for in
the standard reference genome. Thus, the use of the same reference genome for mapping
in all cell types and tissues may serve as a limitation to the methods implemented in this
thesis, as it remains unclear what impact such mutations will have on read mapping and
peak calling. While recent work has shown that the reference genome used indeed impacts
peak calling and further downstream genomic analyses [87, ], it is yet unclear how this
would impact our WACS or SigTFB results. Future research may involve the exploration
of the diversity of mutations present in ENCODE, via the construction of customized
reference genomes for cancerous cell lines using reference guided de novo genome assembly,
then the use of WACS or any other peak calling method to uncover any output variation.

Another shortcoming may arise in the actual peak calling step in the analysis of ChIP-
seq. As mentioned in a recent paper published by our lab [52], many peak calling algo-
rithms, MACS2 and WACS included, commit the statistical sin of using the same data
twice, and thus may produce p-values that can not be trusted. As such, how peak callers
define p-values is important, as incorrect values could produce misleading results. Ad-
ditional research may involve the integration of both methods, RECAP [52] and WACS,
to further explore peaks produced after p-value correction and smart bias removal. More
specifically, future work could explore if is there a difference in peaks produced when
accounting for bias using WACS whilst correcting for the p-values.

Regardless of how perfectly conducted the sample preparation and fragmentation steps
are in the ChIP-seq workflow, the reproducibility and robustness of ChIP-seq data is highly
dependent on the specificity and performance of ABs. This means that the binding pref-
erences of a TF may vary depending on the AB used — due to varying specificities and off
target-binding effects. Additionally, the polyclonal nature of ABs in ENCODE leads to
irreproducibility, extensive batch variation and cross-reactivity [12, , |. This denotes
that batches of the same AB may vary in quality. Thus, our understanding of ChIP-seq
data may be hampered, or enhanced, depending on AB quality.

Due to the aforementioned limitations of the traditional ChIP-sequencing protocol,
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other technologies, such as ChIP-exo [206] and Cleavage Under Targets and Tagmenta-
tion (CUT&Tag) [119], have been proposed. ChIP-exo, for example, achieves relatively
lower noise and improves base pair resolution in comparison to ChIP-seq. Moreover, in
CUT&Tag, the chromatin preparation and fragmentation methods of traditional ChIP-seq
are eliminated, thus removing the need for a large amount of starting material and alle-
viating bias associated with these ChIP-seq steps. CUT&Tag also allows for single-cell
genomic analysis, as it needs a relatively smaller number of cells to produce results. Addi-
tional research may include the investigation and comparison of bias and noise associated
with these new methods. Will the incorporation of smart controls assist in peak calling
as it does with ChIP-seq? Due to the novelty and recentness of such proposed methods,
however, they are still not as widely used or as thoroughly investigated as ChIP-seq.

6.1.2 Deep Learning in Genomics

We discussed limitations that may arise with the use of ChIP-seq data, more specifically
in terms of WACS, thus far. Since ChIP-seq data is used throughput this thesis, the same
limitations may apply to the other approaches implemented. Next, we discuss current
challenges encountered with the application of supervised learning in genomics research
[128, |, more specifically with the use of deep learning to uncover cell type specificity
of various regulatory proteins.

Machine learning models and data representation methods are developed with assump-
tions that at times can be biologically inaccurate. Hence, input and output representations
of data when using machine learning to model a specific problem formulation in genomics
may impact model performance. For example, in regards to input data, there are many
ways to define positive and negative instances for a specific TF. Due to the merging of
ChIP-seq peaks across various cell types for a TF in Chapter 4, our notion of negative
instances are those that are bound in one cell type, but not bound in others. Thus, all our
negative instances are essentially bound in at least one cell type for a specific TF-AB. The
notion of negative peaks differs in other problem formulations, where the genome is binned
[165, , , , ], or negative peaks are generated by the di-nucleotide shuffling of
positive peaks [0]. In each scenario, there are factors that can bias our results. In the case
of binning the genome, for example, some regions along the genome are considered “dark”
regions, where reads can not be mapped to. Thus, if not removed from the input dataset,
these regions will always be unbound across all cell types. Conversely, there are ENCODE
blacklist regions where many reads typically map. They are believed to be due, at least
in part, to errors in the reference genome, where multiple distinct genomic sites/sequences
have been represented as one. In our problem formulation, ChIP-seq peaks from various
cell types for a specific TF are merged together. The merged peaks are derived from dif-
ferent ChIP-seq experiments, which could vary in quality and originate from different labs.
Although integrating multiple datasets gives models greater predictive power, the hetero-
geneity of the data may introduce biases. Thus, such biases are important to acknowledge
when building your dataset. Another issue encountered in the representation of input data
is the assumption that instances are independent and identically distributed (IID) [257].
In this thesis, our model is trained on ChIP-seq peaks generated by the ENCODE uniform
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processing pipeline. The pipeline constitutes of many steps that lead to the generation
of dependent data, such as the spatial smoothing of control signals, the computation of
p-values and g-values, IDR analysis and fragment length estimation.

The performance of deep learning models is conditional on model design and hyperpa-
rameter choices. As such, an essential yet challenging step in deep learning is the selection
of an optimal hyperparameter configuration and model architecture when training models.
While Bayesian optimization is used to tune hyperparameters, some hyperparameters are
explicitly initialized and not altered during the learning process. An example is input se-
quence length, which is set to 101bp in this thesis. Depending on model architecture, and
type of data representation selected, whether its binning the genome or merging peaks,
different sequence lengths can be selected. The length of input sequence may impact our
learning experience, however. Longer input sequences may have more motif patterns, while
shorter sequences may contain less features. While TF binding sites, or motifs, typically
range from 6 to 20bp, the length of input sequences usually used in the prediction of TF
binding sites ranges between 101 and 2000bp. Sequence lengths of up to 600bp were at-
tempted in this thesis, yet similar performance was observed (data not shown). Ideally,
sequence length should be tuned as well during optimization. Another data representation
option that may impact performance is reverse-complement augmentation, or lack that
of [284]. Due to complementary base pairing, it is unknown whether the regulatory pro-
tein is bound on the forward or reverse-complement strand of the double-stranded DNA.
Thus, the ambiguity is typically managed by supplying both sequence strands as input.
However, using a siamese architecture, we observed no difference in performance for our
specific prediction problem when incorporating both orientations, and thus retreated to
a standard architecture instead. The network architecture may also impact performance.
We opted for the use of a simple architecture with a single CNN layer to support the
motif enrichment analysis step. With this architecture, we avoid partial diffused patterns
and can still identify co-occurring motifs. However, spatial information, more particularly
the relationship, in terms of order and dependency, between the various motif patterns,
is lost. Future work may include using a more complex architecture of CNN+LSTM or
attention mechanisms to improve the detection of cell type specificity. One could also use
exponential action functions, instead of ReLUs, and validate the claim of better sequence
motif extraction [127].

Another common challenge faced by most large scale biological data is the imbalanced
classification problem. In the prediction of TF binding sites, for example, the number of
unbound regions along the genome overwhelmingly exceeds the number of protein bound
regions. Some deep learning methods proposed for the prediction of TF binding sites do not
explicitly address the class imbalance problem. The results produced by these methods
could, thus, be misleading, as learning algorithms will be biased towards the majority
class. Additionally, a substantial inflation of generalization performance is common when
dealing with class imbalance in a multi-tasking setting; hence it may be important to
explore performance per class per model. In the multitask formulation implemented in
this thesis, we propose a balancing approach to not only balance the number of instances
across cell types, but to also balance the number of positive and negative instances per
cell line. Other class balancing techniques were attempted, yet were not as successful.
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Moreover, although the class balancing method succeeded for most of the TF and AB
combinations, it performed poorly in a few cases. In the inadequately performing models,
we notice severe imbalance in the dataset with the minority class having less than 50
positive instances. Further research could explore models where class imbalance correction
failed, and devise a more efficient approach to address the class imbalance problem.

Additionally, while our deep learning approach was successful on the majority of the
TF and AB combinations, there are a few that failed. Poor performance may be due to
lack of sufficient data or distributional differences in training and testing sets. A further
investigation of the reasons behind such failures is important for a better understanding of
our models. To navigate distributional differences, elaborate approaches, such as transfer
learning and adversarial learning, could be used. However, lack of data may not be as easily
tackled, as performing a ChIP-seq experiment is costly and time consuming. Deep learning
models require sufficient data to learn, and will overfit on small datasets. A solution might
be to first use deep learning for cross cell type prediction, and imputation on cell types
with less data, then use our method to uncover cell type specificity.

Due to its black box nature and complexity, the inner workings of deep learning net-
works are difficult to understand [9, , |. Thus, interpretability techniques are used
to understand and verify that deep learning models are learning biologically relevant rep-
resentations, or motifs. The lack in understanding of the limitations associated with these
approaches can produce a misleading sense of confidence in the output. A major issue
is the lack of validation performance techniques to evaluate how well the interpretation
of a model is, such that only a qualitative evaluation of the methods is conducted. In
addition, most interpretation techniques, such as perturbation-based methods, only assess
one example at a time. Thus, an understanding of the general behaviour of the model is
needed. Moreover, when considering perturbation-based methods in this thesis, we used a
feasible computational approach which perturbs one nucleotide at a time. However, ide-
ally, a closer to optimal yet computationally inefficient evaluation, tests all subsets of input
features. The importance of features can also be underestimated due to saturation prob-
lem. Although not used in this thesis, gradient based approaches can also be evaluated for
the uncovering of cell type specificity for a specific TF-AB. However, they are not without
limitations, as they are also impacted by the underestimation of features due to saturation,
as well as noisy gradients.

SigTFB serves as a first step in the investigation of cell type specific DNA signatures.
Factors, such as the intrinsic binding preference of a TF, alternative splicing, chromatin
accessibility, co-binding and competitive binding, may impact a TF’s DNA binding prefer-
ence. For a comprehensive understanding of the mechanistic details behind the causes of
cell type specificity, all different factors need to be accounted for — to ultimately decompose
the DNA signature into factors that impact TF binding. A logical next step, for instance,
may involve exploring whether chromatin accessibility causes the differential binding pref-
erence observed. Can we determine whether it is chromatin accessibility causing the cell
type specific binding of the TF? Or is there another influencing factor, such as the DNA
sequence preference change, making the TF cell type specific? To address whether or not
the cell type specificity is mainly due to chromatin accessibility, we incorporated ATAC-
seq data into our models (not shown here). We used ChIP-seq data of TF binding sites
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with chromatin accessibility, as well as chromatin accessibility alone, to predict cell type
specificity. Our results showed no significant improvement in performance when including
chromatin accessible data — that strong cell type specificity in many TF's is not primarily
governed by chromatin accessibility. However, previous work has used and shown the bene-
fits of using chromatin accessible data to predict TF binding sites [120, , , , 285].
More work is required for a better understanding of the results obtained. Differences in
results may be due to differences in problem, model, or even data formulation. For exam-
ple, not all accessible sites are bound, not all inaccessible sites are unbound, specifically
in the case of pioneer TF's, and an accessible region may contain more than one binding
site. Moreover, the use of TF binding sites to predict accessibility may be limiting as most
bound sites are typically accessible. However, not all accessible regions are bound, as such
using accessibility to predict bound vs unbound regions of a TF is a reasonable approach.
It is also important to note that a different data formulation method is used in approaches
such as ChromDragoNN [165], where the genome is binned into intervals — resulting in
some unbound and inaccessible bins across cell types. In SigTFB, all instances are bound
in at least one cell type, increasing the likelihood of being accessible.

Alternative splicing (AS) is another factor that could influence a TF’s DNA signature.
Different versions of the same TF, TF isoforms, can be produced via AS. TF isoforms
may have different protein structures, or even interact with different co-factors, and thus
both could result in different DNA binding preferences of the isoform. Future directions
may include a comprehensive investigation of AS from ChIP-seq and RNA-seq data to
uncover and quantify the degree to which TF isoforms exist in ChIP-seq data. With the
vast amount of ChIP-seq data available, can we detect whether TF isoforms exist from
the TF’s DNA binding preferences, which are the TF binding sites derived from ChIP-seq,
using RNA-seq data? Can we then quantify the level at which each TF isoform exists
in each cell type or tissue? In recent advances, we attempted to address these questions
via the incorporation of transcript and exon level quantifications of various TF's from bulk
RNA-seq data (from ENCODE) to our model — as different TF isoforms are made of
different exons, and each isoform represents a transcript. Instead of concatenating the cell
type encoding, as seen in SigTFB, we included exon and transcript level quantifications.
However, our results were inconclusive (not shown here). Uncovering TF isoforms from
short read bulk data is difficult. The recent emergence of third generation long read and
single cell sequencing technologies suggests that alternative datasets, such as long-read
single cell RNA-seq, may better assist in the analysis of TF isoforms. Long reads are able
to better capture the full length isoforms, with the splice sites and transcription start and
end sites, while single cell data can provide better insights at higher resolution of individual
cells or tissues than conventional bulk sequencing. Moreover, it would be interesting to see
how much information can be derived from short read data compared to long read data —
more particularly how well can we predict isoforms from shorter read RNA-seq data if we
use long read RNA-seq data as the ground truth. Similar work comparing short and long
read RNA-seq can be found here [50, 102].

The behaviour of a TF in a specific cell type, tissue or condition, is impacted by the
many interactions the TF participates in. The primary motif of an assayed TF does not
typically explain numerous TF binding events. The sole focus on one interaction (factor)
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over others may lead to information loss. Other causes of differential cell type specific DNA
signatures of TFs, such as co-operative and competitive binding, should also be considered.
In recent work, BindVAE [130], an unsupervised learning approach based on a variational
autoencoder, decomposes input DNA sequences obtained from ATAC-seq or HT-SELEX to
derive latent cell type specific features of TF's, such as those related to cooperative binding
and the genomic regions surrounding the binding sites. This method can be extended to
include different type of data, such as ChIP-seq, RNA-seq and ATAC-seq, to decompose
the ChIP-seq signal further to obtain the impact of the discussed influencing factors on the
cell type specific DNA signatures of TFs. After the identification and characterization of
each influencing factor, future work may include a large scale analysis of how the different
combinations of factors impact DNA signatures of various TF's in various cell types. In this
study, we would assess the extent at which each factor impacts the DNA binding preference
of the TF — which factors are more involved in the TF’s cell type specific state. Are there
some influencing factors that effect a group of TFs more than others? Can we detect and
quantify the impact of each influencing factor to model the DNA signature of each TF in
each cell type? Can we develop a hierarchy of TFs and cell types to determine which are
more influenced than others? If, for example, a TF is known to be cell type specific, is
there a specific influencing factor more involved in determining its DNA signature?

For a more cell type specific characterization of TFs, other cis-regulatory modules, such
as enhancers, silencers and insulators, may also be accounted for. Enhancers, for instance,
are known to drive cell type specific gene expression. They are short regions along the
genome (~500bp) bound to by multiple TFs, known as activator proteins, to increase the
probability of a specific distant gene to be transcribed [10), , ]. The activation of
enhancers loops the chromatin in such a way that the enhancers become in proximity with
the promoters they modulate. Future work may include uncovering the promoter-enhancer
interactions involved in activating certain cell type specific TFs, and identifying which of
these TFs have enhancer activating roles. The promoter-enhancer interactions typically
fold the chromatin — thus including the 3D features of the genome in our analysis will be
an important step in the study of TF cell type specific DNA signatures. To uncover the
enhancer regions at high resolution, datasets such as nascent RNA sequencing data [57, ]
or micrococcal nuclease digestion with deep sequencing (MNase-seq) [95] may be be used.
Nascent RNA sequencing, for example, detects and quantifies known genes and active
enhancers simultaneously, assaying all active TFs in a cell or tissue in one experiment,
instead of one TF at a time with ChIP-seq. In more recent work, transcriptional regulatory
networks with both enhancer and genes, instead of gene regulatory networks of only co-
regulated gene, were constructed using nascent RNA-seq data [215]. For a more cell type
specific visualization of each TF, future work may include the generation of transcriptional
regulatory networks for each TF and cell type. Moreover, it would be interesting to further
investigate the different types of genes, be it housekeeping or more cell type specific genes,
involved with the varying degrees of cell type specific TFs by exploring the Gene Ontology
(GO) consortium [1, 12], for example.

We propose some strategies in an attempt to explain the phenomenon of cell type
specific DNA signatures of TFs. SigTFB, as well as the other proposed approaches, could
also be applied to other types of data, such as epigenetic data on histone modifications to
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uncover which cell type specific motifs drive epigenetic differences, or chromatin accessible
data to identify which cell type specific patterns are more accessible. Furthermore, instead
of only focusing on the overall AUC differences across entire experiments for a specific
TF-AB as in SigTFB, future work may include having site specific scores of cell type
specificity, where each genomic site is labeled with a cell type general or cell type specific
score. Smart peak calling and the exploration of cell type specific DNA signatures can also
be combined, where WACS is applied to ChIP-seq data for more efficient peak calling and
SigTFB is then evaluated on the called peaks. Is there a difference in the SigTFB output
when using WACS versus MACS2? More specifically, does the peak caller used impact the
TF's derived as cell type specific. Moreover, in this thesis, we acknowledge the tentative
impact of the antibody used on output. As such, further work may include predicting the
AB sequence for each TF in ENCODE using tools such as AbLang [172], for example, and
then validating the output sequence with the actual AB used. Finally, with the emergence
of the vast amount of data types in attempt to decipher the genomic landscape, one might
wonder about how much of the data is actually required to uncover different aspects of the
genome?
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Appendix A

WACS: Appendix

Appendix A provides the supplementary information for Chapter 3 on WACS. This includes
the list of ChIP-seq experiments for the K562 (Tables A.1 and A.2), A549 ( Table A.4),
GM12878 (Table A.5) and HepG2 (Table A.6) cell types. It also includes details on TFs
(Table A.3), lab (Table A.7), year (Table A.8) and mapped read length (Table A.9) for the
various ChIP-seq experiments used.

Table A.1: Table for the 45 ChIP-seq experiments and their corresponding ChIP-seq repli-
cate samples and TFs for the K562 cell line from the ENCODE database used in our

analysis.
Experiment Replicates TF
ENCSRO000BKQ | ENCFF401KIO, ENCFF3985X0O ETS1
ENCSRO00BKT | ENCFF794ABP, ENCFF587TWWS USF1
ENCSRO000BKU | ENCFF044TAL, ENCFF651HPM YY1
ENCSRO000BLI ENCFF823GCX, ENCFF827SLL E2F6
ENCSR000BMD | ENCFF331TRC, ENCFF535PLW ELF1
ENCSROO0BME | ENCFF784SCN, ENCFF778PDI ZBTBT7A
ENCSRO00BMV | ENCFF492NUF, ENCFF5611LM FOSL1
ENCSRO00BMW | ENCFF204TUQ, ENCFF546IMN REST
ENCSRO00BNK | ENCFF454MMY, ENCFF310MOR CTCFL
ENCSRO000BRQ | ENCFF154YTN, ENCFF3140QP CEBPB
ENCSRO00DWE | ENCFFO081HV(Q, ENCFF494VZW CTCF
ENCSRO0O0EFS ENCFF924CYX, ENCFF014UUB JUN
ENCSROO0OEFV ENCFF635HIS, ENCFF360QBV MAX
ENCSRO00EGI ENCFF589IXE, ENCFF097GYE MAFF
ENCSRO00EGJ ENCFF641HZR, ENCFF006GQZ MYC
ENCSROO0EGK | ENCFF168KTM, ENCFF299HHL IRF1
ENCSROO0EGN | ENCFF400BSN, ENCFF321ZQU JUND
ENCSRO00EGS ENCFF239WGU, ENCFF836IMK MYC
ENCSROOOEGT | ENCFF489YJG, ENCFF728WOA IRF1
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ENCSRO00EGZ ENCFF726UVN, ENCFF3838QNA MXI1
ENCSROO0EHE ENCFF953ZZL, ENCFFT729WGC CEBPB
ENCSRO0OEWH | ENCFF77INSF, ENCFFO7T8BWN NR2C2
ENCSRO00EWJ | ENCFF201BQU, ENCFF0110SI E2F6
ENCSRO00EWL | ENCFF613CDR, ENCFF156NIH E2F4
ENCSROO0EWN | ENCFF891GFG, ENCFF094FZQ ZNF263
ENCSROO0EZT ENCFF749RRI, ENCFF784MLU JUN
ENCSRO00EZU ENCFF014DRH, ENCFF553WMU MYC
ENCSRO00EZV ENCFF357TMHM, ENCFF491EUN MYC
ENCSRO00EZW | ENCFF814CHV, ENCFFO050LIC JUN
ENCSRO00FAU ENCFF089XMI, ENCFF263PLG STAT1
ENCSRO00FAV ENCFF463LMJ, ENCFF403WNR STAT1
ENCSRO00FAZ ENCFF439NNR, ENCFF483RLD MYC
ENCSRO41AXL ENCFF871KNP, ENCFF490ICL RFX1
ENCSR099NCH | ENCFF205VDU, ENCFF1090WW ZNF24
ENCSRAS6IFJ ENCFF857YYV, ENCFF320WXN ESRRA
ENCSR494TDU | ENCFF337GMY, ENCFF821HMU NRF1
ENCSR508DQA | ENCFF563FZR, ENCFF373AFZ FOXK2
ENCSR563LLO ENCFF846CYU, ENCFF226KOW E2F1
ENCSRAH88AKU | ENCFF011XRF, ENCFF812KIP RUNX1
ENCSRT795IYP ENCFF512YJL, ENCFF090SFR JUNB
ENCSR819LHG | ENCFF364SJK, ENCFF611PXX FOXA1
ENCSRS837EYC | ENCFF564KCD, ENCFF207NLX NRF1
ENCSR876GXA | ENCFF632WSK, ENCFF226IAA ZBTB33
ENCSR968GIB ENCFF83720Y, ENCFF183MSQ RFX1
ENCSR998AJK | ENCFF722LJA ENCFF564CXM NRF1
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Table A.2: Table for the 90 ChIP-seq samples and their corresponding control samples for
the K562 cell line from the ENCODE database used in our analysis.

ChIP-seq Controls

ENCFF310MOR | ENCFF772PJM, ENCFF982BHL

ENCFF263PLG ENCFF332CUX

ENCFF1090WW | ENCFF895QZG, ENCFF227IZS, ENCFF910IKB, ENCFF937TWDE
ENCFF953Z7ZL ENCFF023NGN

ENCFF439NNR | ENCFFE767FSP

ENCFF589IXE ENCFF023NGN

ENCFF183MSQ | ENCFF712WXB, ENCFF790TAN

ENCFF491EUN | ENCFF332CUX

ENCFF094FZQ ENCFF3555SGP

ENCFF827SLL ENCFF812TGW, ENCFF234NVU, ENCFF913HVS, ENCFF382XSA
ENCFFO078BWN | ENCFF3555GP

ENCFF611PXX | ENCFF796JTX, ENCFF720AUK

ENCFF641HZR | ENCFF023NGN

ENCFF226KOW | ENCFF895QZG, ENCFF227IZS, ENCFF910IKB, ENCFF937TWDE
ENCFF097GYE | ENCFF023NGN

ENCFF239WGU | ENCFF942FFX

ENCFF492NUF | ENCFF772PJM, ENCFF982BHL

ENCFF564KCD | ENCFF709XAA, ENCFF3325VJ

ENCFF201BQU | ENCFF3555GP

ENCFF044TAL ENCFF772PJM, ENCFF982BHL

ENCFF836IMK ENCFF942FFX

ENCFF635HIS ENCFF023NGN

ENCFF398SX0O ENCFF772PJM, ENCFF982BHL

ENCFF204TUQ | ENCFF772PJM, ENCFF982BHL

ENCFF5611LM ENCFF772PJM, ENCFF982BHL

ENCFF651HPM | ENCFF772PJM, ENCFF982BHL

ENCFF331TRC | ENCFF812TGW, ENCFF234NVU, ENCFF913HVS, ENCFF382XSA
ENCFFO050LIC ENCFF482LDC

ENCFF360QBV | ENCFF023NGN

ENCFF546IMN ENCFF772PJM, ENCFF982BHL

ENCFF553WMU | ENCFF482LDC

ENCFF821HMU | ENCFF227IZS, ENCFF910IKB

ENCFF400BSN ENCFF023NGN

ENCFF403WNR | ENCFF767FSP

ENCFF512YJL ENCFF162Z200, ENCFF3325VJ

ENCFF337GMY | ENCFF227IZS, ENCFF910IKB

ENCFFET778PDI ENCFF772PJM, ENCFF982BHL

ENCFF784SCN ENCFF772PJM, ENCFF982BHL

ENCFF299HHL

ENCFF942FFX
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ENCFF720WGC | ENCFF023NGN

ENCFF564CXM | ENCFF2271ZS, ENCFF910IKB

ENCFF784MLU | ENCFF942FFX

ENCFF846CYU | ENCFF895QZG, ENCFF2271ZS, ENCFFO10IKB, ENCFF937WDE
ENCFF156NIH | ENCFE3555GP

ENCFF494VZW | ENCFFS873PSH

ENCFF205VDU | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKDB, ENCFF937WDE
ENCFFS7IKNP | ENCFF2271ZS, ENCFF910TKB

ENCFF321ZQU | ENCFF023NGN

ENCFF728WOA | ENCFF482LDC

ENCFF154YTN | ENCFF304AZH, ENCFF984QXA, ENCFF533FQH, ENCFF8360EO
ENCFF0SOXMI | ENCFF332CUX

ENCFF454MMY | ENCFE772PJM, ENCFFI82BHL

ENCFF0110ST | ENCFF3555GP

ENCFF794ABP | ENCFF772PJM, ENCFF982BHL

ENCFF613CDR_ | ENCFF355SGP

ENCFFOSIHVQ | ENCFF873PSH

ENCFF168KTM | ENCFF942FFX

ENCFFS37Z0Y | ENCFE712WXB, ENCFF790TAN

ENCFF483RLD | ENCFF767FSP

ENCFFS9IGFG | ENCFF3555GP

ENCFF226IAA | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKB, ENCFF937WDE
ENCFF090SFR | ENCFF162Z00, ENCFF332SVJ

ENCFF006GQZ | ENCFF023NGN

ENCFF563FZR. | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKDB, ENCFF937WDE
ENCFFS57YYV | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKB, ENCFF937WDE
ENCFF722LJA | ENCFF2271ZS, ENCFF910TKD

ENCFF924CYX | ENCFF023NGN

ENCFF823GCX | ENCFF812TGW, ENCFF234NVU, ENCFFO13HVS, ENCFF382XSA
ENCFF490ICL. | ENCFF2271ZS, ENCFF910IKB

ENCFFOIIXRF | ENCFF285EWB, ENCFF696ZGZ, ENCFF709XAA
ENCFF3140QP | ENCFF304AZH, ENCFF984Q0XA, ENCFF533FQH, ENCFF8360E0
ENCFF480YJG | ENCFF482L.DC

ENCFF726UVN | ENCFF023NGN

ENCFF77INSF | ENCFF355SGP

ENCFF535PLW | ENCFF812TGW, ENCFF234NVU, ENCFFO13HVS, ENCFF382XSA
ENCFF207NLX | ENCFF709XAA, ENCFF332SV]

ENCFFS14CHV | ENCFF482LDC

ENCFF373AFZ | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKDB, ENCFF937WDE
ENCFF632WSK | ENCFF895QZG, ENCFF2271ZS, ENCFFI10IKB, ENCFF937WDE
ENCFF587TWWS | ENCFE772PJM, ENCFFI82BHL

ENCFF383QNA

ENCFF023NGN
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ENCFF357TMHM | ENCFF332CUX

ENCFF401KIO ENCFFET72PJM, ENCFF982BHL

ENCFFO014DRH | ENCFF482LDC

ENCFF364SJK ENCFF796JTX, ENCFF720AUK

ENCFF320WXN | ENCFF895QZG, ENCFF2271ZS, ENCFF910IKB, ENCFF937TWDE
ENCFFT749RRI ENCFF942FFX

ENCFF014UUB | ENCFF023NGN

ENCFF463LMJ ENCFFT767FSP

ENCFF812KIP

ENCFF285EWB, ENCFF696ZGZ, ENCFFT09XAA
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Table A.3: Table for the transcription factors (TFs) and their corresponding motif ID from
JASPAR for 45 ChIP-seq experiments.

TF ID

MXI1 MA1108.1
E2F4 MA0470.1
MAFF MA0495.1
CEBPB MA0466.1
JUNB MA0490.1
CTCFL MA1102.1
YY1 MAO0095.2
USF1 MAO0093.2
REST MA0138.2
ESRRA MA0592.1
ELF1 MA0473.1
STAT1 MA0137.2
ZNF24 MA1124.1
ZBTBT7A MAO0750.2
IRF1 MAO0050.2
JUN MA0488.1
CTCF MA0139.1
NR2C2 MA0504.1
NRF1 MA0506.1
FOXA1 MAO0148.1
FOXK2 MA1103.1
JUND MA0491.1
E2F1 MA0024.2
E2F6 MA0471.1
ZNF263 MA0528.1
ZBTB33 MA0527.1
RUNX1 MA0002.2
MAX MAO0058.2
FOSL1 MA0477.1
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Table A.4: Table for the ChIP-seq experiments and their corresponding ChIP-seq replicate
samples, TFs and controls for the A549 cell line from the ENCODE database used in our
analysis.

Experiment Replicates TF Controls
ENCSR1820ZC | ENCFF791DRP CEBPB| ENCFF634ULC
ENCFF217RBI ENCFF632UPH
ENCFF3680TV
ENCSR375BUB | ENCFF073MBT CEBPB| ENCFF214UMU
ENCFF280ZFT ENCFF773DUX
ENCFF408NFU
ENCSR606ZTC | ENCFF347TMNU CEBPB| ENCFF455UAB
ENCFF417GPF ENCFF887YTT
ENCFF081TBO
ENCSR623KNM| ENCFF757GXN ELK1 | ENCFF949XNJ
ENCFF826GGN ENCFF918AJW
ENCSR000BQO | ENCFF125MJO FOSL2 | ENCFF656HEF
ENCFF585INN
ENCSR419TWL | ENCFF504YVD HES2 | ENCFF634ULC
ENCFF595EIS ENCFF632UPH
ENCFF3680TV
ENCSR991VVW| ENCFF476XBN JUN ENCFF193ABY
ENCFF761UEZ ENCFF222ACA
ENCFF639UDD
ENCSR269RPR | ENCFF179XAQ JUNB | ENCFF171YYX
ENCFF330XFU ENCFF631DES
ENCFF298EPS
ENCSR431LRW | ENCFF599JTK JUNB | ENCFF653HKQ
ENCFF3890FH ENCFF097CSC
ENCFF987XCE
ENCSR892DRK | ENCFF364NWO REST | ENCFF572IKT
ENCFF808ADX ENCFF714AMB
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Table A.5: Table for the ChIP-seq experiments and their corresponding ChIP-seq replicate
samples, TFs and controls for the GM12878 cell line from the ENCODE database used in
our analysis.

Experiment Replicates TF Controls
ENCSR841INDX | ENCFF028TNY ELF1 | ENCFF666ATR
ENCFF444PPF ENCFF322NTO
ENCSRO00BMB | ENCFF739SRY ELF1 | ENCFF488YYE
ENCFF735DGJ
ENCSR000DZB | ENCFF211VKF ELK1 | ENCFF4777ZKJ
ENCFF784XUE ENCFF450WED
ENCFF824NQO
ENCFF710SMS
ENCFF579QDW
ENCFF813LMQ
ENCSR000BGY | ENCFF240MQI IRF4 | ENCFF562HPN
ENCFF888PAI ENCFF100EIH
ENCFF438FFV
ENCSRO000BQL | ENCFF983YCI NFATC[ ENCFET54WTG
ENCFF207QTV ENCFF966AVZ
ENCFF537DAJ
ENCSRO00BGR | ENCFF791EPM PBX3 | ENCFF562HPN
ENCFF845MYC ENCFF100EIH
ENCFF438FFV
ENCSR000BQS | ENCFF894EID REST | ENCFF430ZCF
ENCFF569QEN ENCFF100EIH
ENCFF438FFV
ENCFF562HPN
ENCSRO00BRI | ENCFF884LEJ RUNX3| ENCFET54WTG
ENCFF579PRC ENCFF966AVZ
ENCFF537DAJ
ENCSRO00BGE | ENCFF263NOT SRF ENCFF862QZT
ENCFF731ZNW ENCFF2890NG
ENCSRO00BGI | ENCFF737VAT USF ENCFF862QZT
ENCFF0740YP ENCFF2890NG
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Table A.6: Table for the ChIP-seq experiments and their corresponding ChIP-seq replicate
samples, TFs and controls for the HepG2 cell line from the ENCODE database used in
our analysis.

Experiment Replicates TF Controls
ENCSR000BQI | ENCFF090KCF CEBPB| ENCFF175NMQ
ENCFF499BWX ENCFF285LVE
ENCSROOOEEE | ENCFF677TPSB CEBPB| ENCFF165KZY
ENCFF514FUP
ENCSROO0OBIE | ENCFF435DKZ CTCF | ENCFF175NMQ
ENCFF178SXE ENCFF285LVE
ENCSR112ALD | ENCFF011HOS CREB1| ENCFF950AXC
ENCFF320SCI ENCFF190EPQ
ENCSR267DFA | ENCFF396NXZ FOXA1| ENCFF950AXC
ENCFF988UCQ ENCFF190EPQ
ENCSRO00BMO | ENCFF332SRJ FOXA1| ENCFF175NMQ
ENCFF401YVR ENCFF193YIO
ENCFF285LVE
ENCFF943DZB
ENCSRO0O0BHP | ENCFF953PCA FOSL2 | ENCFF943DZB
ENCFF185DVY ENCFF193YIO
ENCSR000BMZ | ENCFF930EXY ELF1 | ENCFF175NMQ
ENCFF418EVV ENCFF285LVE
ENCSRO00BJL | ENCFF195HUS REST | ENCFF249PQD
ENCFF291BBG ENCFF741TQN
ENCSROO0EEK | ENCFF074GYD JUN ENCFF165KZY
ENCFF122BQB
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Table A.7: Lab

Features Controls Controls Row Total
Used Not Used

Same Lab 376 2208 2584

Not Same Lab 1709 8397 10106

Column Total 2085 10605 12690

Table A.8: Year

Features Controls Controls Row Total
Used Not Used

Same Year 617 1945 2562

Not Same Year 1468 8660 10128

Column Total 2085 10605 12690

Table A.9: Mapped Read Length

Features Controls Controls Row Total
Used Not Used

Same Length 375 1541 1916

Not Same Length 1710 9064 10774

Column Total 2085 10605 12690
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Appendix B

SigTFB: Appendix

Appendix B provides the supplementary information for Chapter 4 on SigTFB. This in-
cludes the list of TF-AB combinations used in the chapter, as well as respective details
on ENCODE accession code, corresponding cell types and the AUC difference obtained
(Table B.1). The cell type names for the corresponding ENCODE cell type code can be
found in Table B.2. Plots in Figures B.1, B.2, B.3, B.4, B.5, B.6, B.7, B.8, B.9 and B.10
display the AUC differences obtained from evaluation on test dataset per cell type per
TF-AB combination.

Table B.1: TF-AB combinations and their corresponding AUC differences (score), cell
types (CL ID) and actual ENCODE experiment used (ENCODE Experiments). Refer to

SI Table 2 for the cell type names corresponding to the “CL ID”.

TF AB Score | CL ID ENCODE Experiments
EFO:0002067 ENCFFG27BID
AGO1 ENCABISIGDE 1 0.06 | ppoy.001187 ENCFF100VYA
EFO:0002067 ENCFF758RQ)
ARNT ENCABGOSUKB 1 0.06 | ppoy. 000784 ENCFF655EFA
EFO:0001187 ENCEFF006XRG
ASHZL | ENCABYTYBH | 001 |\ prpoig0978s ENCFF638TUM
EFO:0002067 ENCFFOTATWA
ATF1 ENCABGITXQW | 0.2 EFO:0001187 ENCFF715PLB
EFO:0002067 ENCFF210MTZ
ATF2 ENCABGO5GOL | 0.14 | EFO:0001187 ENCFFS803FHN
EF0:0002784 ENCFF089BQU
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ENCFF487GLV

ENCFF1370EY
ENCFFS851UTY
ATF3 ENCABOOOADZ | 019 | ENCERAOTOR
EFO-0002067 ENCFF782SGI
UBERON:0002107
EFO:0003042
EFO:0002067 ENCEFFT60ZVI
EFO:0001187 ENCFF371SJR
ATFT ENCABOOOBMO 1 0.21 1 ppiy 000784 ENCFF495PWL
EFO:0001203 ENCFF498YGH
EFO:0002067 ENCFFT25YZII
BACHL | ENCABOOOAEA | 017 | EF0:0002784 ENCFF543FNN
EFO:0003042 ENCFF851YHG
EFO:0001086 ENCEF003ZAD
BCL3 ENCABOOOAEG 1 0.18 1 ppo 002784 ENCFF247MHT
EFO:0002067 ENCEFF331ZDU
BCLAFL | ENCABOI2FUX 1 0.23 | prpoy 000784 ENCFF054DTJ
EFO:0002067 ENCFF567GON
Prooel ENCFFS63ATX
BHLHE40 | ENCABOOOAEK | 0.08 : ENCFFA77JTV
EFO:0002784
et ENCFF370ZNL
: ENCFF622HGF
EFO:0002067 ENCFF352DRR
BMI1 ENCABOOOBDV | 014 | EFO:0002784 ENCFF414LX7Z
EFO:0001203 ENCFF592LPO
EFO:0002067 ENCEFS06CQOB
BRDA4 ENCABT82ZNQ | 001 | ppg 0001187 ENCFF736GHL
EFO:0002067 ENCEFFA03TAE
CBX5 ENCABIS0NID | 0.0 EFO:0002784 ENCFFA17SVR
EFO:0001086 ENCEFF330000
CBX38 ENCABOOOAEX 1 0.08 | ppg.0002067 ENCFF210GJE
ENCFF786YY1
EFO:0001086 ENCFF047UIF
EFO:0002067 ENCFF757KYL
CEBPB | ENCABOOOAFB | 011 | EFO:0001187 ENCFF862DXR
EFO:0001196 ENCFF915ZYE
EFO:0002784 ENCFFS13LOW
ENCFF321KQD
ENCEFFO30PBH
CEBPG | ENCABT28YTO | 0.11 gggggg?gg; ENCFF086CSF
: ENCFF797MRW
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EF0:0002784

ENCFF863CTN

CHD1 ENCABOOOAFE | 0.08 ENCFFR06HXY
EFO:0003042 ENCFF5490DQ

EFO:0001196 ENCFF510QXG

CHD1 ENCABOOOAFF | 0.08 EFO:0001203 ENCFEF730UAD
EFO:0001086 ENCFF310IDS

EF0O:0001187 ENCFF546AYN

CHD2 ENCABOOOAFG | 0.1 EFO:0003072 ENCFF181XMM

EFO:0002784 ENCFF245UXM

EFO:0003042 ENCFF068MEO

EFO:0001086 ENCFEF766YPH

CHD4 ENCAB276U.JU 0.07 EF0O:0001187 ENCFF148ABR
EF0O:0001187 ENCFF495PCJ

CREBI ENCAB279BHV | 0.06 EFO0:0001203 ENCFF550TXR
EFO:0002067 ENCFF091YID

CREM ENCABOOOAAT | 0.17 EFO:0001187 ENCFF290UGF
EFO:0002784 ENCFF021XJN

EFO:0002067 ENCFF456MGR

CTBP1 ENCABO0OBAY | 0.23 EFO:0001203 ENCFF349UTF
EFO:0001086 ENCFF396BZQ

EFO:0002067 ENCFF307XFM

CTCF ENCABOOOAFQ | 0.01 EFO:0003072 ENCFF960ZGP

EFO:0001196 ENCFF540DWT

EFO:0002784 ENCFF646TUX

EF0O:0002824 ENCFF549PGC

EF0O:0001203 ENCFF543WTP

CTCF ENCABOOOAFR | 0.04 EFO:0002067 ENCFF821AQ0O
EFO:0001187 ENCFF119XFJ

EFO:0003042 ENCFF942TCG

ENCFF049UCF

CTCF ENCABOOOAXU | 0.01 ENCFF143HEE
UBERON:0002107 ENCFF372J0V

CL:0002319
EF0:0003072
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CL:0000103 ENCFF203ZIS
NTR:0000711 ENCFF798RFA
CL:0000192 ENCFF719TNH
CL:0002551 ENCFF560GGY
CL:0002372 ENCFF232FX7Z
EFO:0002824 ENCFF186NOM
CL:0000062 ENCFF476DVJ
CTCE ENCAB000AXX ) 0.01 EF0:0003072 ENCFF685KTA
CL:0000182 ENCFF141MTA
EF0:0006711 ENCFF518MQA
EF0:0002074 ENCFF744PX0O
EFO:0007950 ENCFF148BSH
CL:0000127 ENCFF960XTR
EFO:0001203 ENCFF846FYU
ENCFF505MGI
ENCFFO068YLN
ENCFF139RCX
ENCFF502CZS
ENCFF861INDU
ENCFF954FAQ
ENCFF028IIR
ENCFF356LIU
CTCF ENCABOOOAXY | 0.02 ENCFF612Z2UY
EFO0O:0001086 ENCFF519CXF
CL:0000236 ENCFF300XXC
EFO:0002067 ENCFF910TER
CL:0001054 ENCFF785NTC
EFO:0001187 ENCFF535MZG
CL:0000312 ENCFF628EUU
UBERON:0002106 ENCFF685HMV
UBERON:0001264 ENCFF615CGTV
EF0:0002791
UBERON:0002048
CL:0002327
CL:0002553
EF0:0002784
EF0:0001203
CL:0000103 ENCFF322WKG
CTCE ENCAB247TYO ) 0.11 EFO:0007950 ENCFF904CNB
EF0:0002067 ENCFF536LKB
bDX20 ENCAB398QAO | 0.16 EF0:0001203 ENCFF089GNH
EF0:0002067 ENCFF217ZTP
DPE2 ENCABO76EMA | 0.24 EF0:0001203 ENCFF042AWM
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EFO:0002067

ENCFF537VKZ

DPE2 ENCABSSIZPY 1025 | ppo.ono27sd ENCFF7711AW
EF0:0002067 ENCFFG87SFB
b2k ENCABO00AFV | 0.2 EF0:0002784 ENCFF225TLP
EF0:0002067 ENCFFI7TIWWE
E2F8 ENCAB224FFQ | 0.1 EF0:0002784 ENCFF412GF1
EF0:0001203 ENCFF072VGV
EF0:0002067 ENCFF3470SC
E4F1 ENCAB944PGR | 0.23 | EF0:0002784 ENCFF752KNU
EF0:0001203 ENCFF035GFS
ENCFF477ANT
ECRI ENCABO00ASX | 0.0 ENCEEFDGLOGS
UBERON:0002107 ENCFFG17JQS
EFO:0002067 ENCFFS08WST
EF0:0003042
EF0:0001086 ENCFF413RQL
EHMT2 | ENCAB282XQE | 0.13 | EF0:0002067 ENCFF682XPD
EF0:0001187 ENCFF19900U
EF0:0001086 ENCFFO35ZUW
ELF1 ENCABOOOAGA | 0.1 EF0:0002067 ENCFF463GCH
EF0:0001187 ENCFF840RWO
EF0:0002067 ENCFF617ZLL
ELF1 ENCAB7780CV | 0.08 | EF0:0002784 ENCFF020UCD
EF0:0001203 ENCFF948CPI
EF0:0002067 ENCFF119SCQ
ELK1 ENCABOO0AGB | 0.02 | EF0:0002784 ENCFF408TWV
EF0:0001203 ENCFF432AQP
EF0:0002067 ENCFE7ooHCR
000231 ENCFF924KFU
EF0:0001187 ENCEFFAS9ARL
EP300 | ENCABOOOAIM | 0.08 ENCFF674QCU
EF0:0002791
EFO-0002784 ENCFF834UVX
EFOL0003049 ENCFF865UDD
ENCFF510FUM
EF0:0001187 ENCFFO80HJX
EP300 ] ENCABOOOAJO 103 1o 0002784 ENCFFS06JJS
EF0:0001036 ENCFF722L]P
EF0:0002067 ENCFF592GWM
ESRRA | ENCABOOOAGE 1 0151 16 0002784 ENCFF541DRZ
EF0:0001203 ENCFF558UWY
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EFO-0007950 ENCFFSOGWER
EFO:0001086 ENCFF461PRP
ET51 ENCABOOOAGG 1 0.06 | ppiy.0002067 ENCFF511AZU
EFO:0002784 ENCFF980VOD
EFO:0002067 ENCFF126GSY
ETVG ENCABOOOABD | -0.0 EF0:0002784 ENCFF745ANU
EFO:0002067 ENCFF6585G]
ETVG ENCAB9ITCIG | 037 | ppo.0002784 ENCFF116AMEK
CL:0002551 ENCFF310LPI
EFO:0001187 ENCFF260KLJ
CL:0000515 ENCFF504QZ]
EFO:0002791 ENCFF279MNV
EZH2 ENCABOOOAGH | 0.12 CL:0002327 ENCFF420KMT
CL:0002553 ENCFF615NYO
EFO:0002784 ENCFF1280WK
CL:0000236 ENCFF4340EY
CL:0000182 ENCEFO76SAN
EZH2 ENCABIISHCE 1 0.03 1 ppg 0005703 ENCFF324UNA
- NTR:0000711 ENCFF314ZKR
EFO:0002074 ENCFF320REA
p}&f’:g;w ENCABOOOBKYV | 0.07 CL:0000103 ENCFF689GPW
EFO:0005723 ENCFF687VIB
EFO:0002067 ENCFFOSIDTV
FIPILL | ENCABSLIDBP 1012\ gpy 001187 ENCFF031LBW
CL:0002618 ENCFF217ZMF
FOS ENCABOOOAEQ | 0.13 | EF0:0001196 ENCFF327GZX
EFO:0001203 ENCFF170POB
EFO:0001086 ENCFFS0SRWZ
FOSL2 | ENCABOOOAGL 1 0.16 | ppoy 001187 ENCFFO54ESU
ENCFF152B0T
FOXA1 | ENCABOOOAGM | 0.16 ggggggﬁ’gg ENCFF297HAX
: ENCFF167BKY
ENCEFFST2MGU
FOXA1 | ENCABOOOAGN | 0.2 ENCFF324QGE
EFO:0001187 ENCFF951VPZ

UBERON:0002107
EFO:0001187 ENCFFI60RLI
FOXAL | ENCABSOIQLE | 0.1 EFO:0001203 ENCFF367TQC
ENCFFISINAC
FOXA2 | ENCABOOOAGO | 0.11 ENCFF168JLI
EFO:0001187 ENCFF293LRQ

UBERON:0002107
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EFO:0002067

ENCFF899IMQW

EFO:0001187 ENCFFI90MTR
FOXK2 | ENCAB625ERS | 0.17 1 ppi 002784 ENCFF490EQR
EF0:0001203 ENCFF315CHX
EFO:0002067 ENCFF216YZ1
FUS ENCABS98VSJ 10.03 | pro.go01187 ENCFF688ARM
ENCEF520GIC
ENCFF124HAC
ENCFF225GFQ
GABPA | ENCABOOOAGR | 0.06 ENCFFO54HIA
EF0:0001086 ENCFF091UDB
EF0:0002067 ENCFFI46ACA
EF0:0001187 ENCFF280YAF
UBERON:0002107 ENCFF344XWK

EF0:0002791

EFO:0002784

EF0:0003042
EFO:0002067 ENCEF620TOF
GABPA | ENCABT28YTO 1 0.05 | pro 5001203 ENCFF535BMV
EFO:0002067 ENCFFI73TXA
GATAZ | ENCABOOOAGT | 0.3 CL:0002618 ENCFFOSTYL)
EFO:0002067 ENCFF01GBRD
GATAD2B | ENCAB939ONI | 0.17 | EFO:0002784 ENCFF298AIX
EFO:0001203 ENCFF569CM.]
EFO:0002067 ENCFFS76GXQ
EFO:0001187 ENCFF394JHN
GTF2F1 | ENCABOOOAHE | 0.11 | EF0:0002791 ENCFF493PRB
EFO:0003042 ENCFFA7SHYJ
EFO:0001203 ENCFF343QQE
EFO:0002067 ENCFFR43UMD
GTF2FL | ENCABIOSWPN 1 033 | pro 0001187 ENCFF599TWF
EFO:0002067 ENCFF722QBB
EFO:0001187 ENCFF167RXK
HCFCL | ENCABODOAHG | 0.02 1 pro 1002784 ENCFF401IAT
EF0:0001203 ENCFF485SRU
EFO:0002067 ENCFF0GOKDS
HDACL | ENCABG4ILYF 1 016 | pp 0001187 ENCFF557TWXK
EFO:0001086 ENCFF363GSY
HDAC2 | ENCABOOOAHI | 0.1 EFO:0002067 ENCFF497YNJ
EFO:0003042 ENCFFS14DAF
EFO:0002067 ENCFF589GSN
HDAC2 | ENCABOOOAHJ | 015 | EFO:0001187 ENCFF009IVJ
EFO:0003042 ENCFF741IMY
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EFO:0002067

ENCFF442WRJ

HDGF ENCABI73GGB | 017 | EF0:0002784 ENCFF161SFU
EFO:0001203 ENCFF575WEB
EFO:0002067 ENCFFOLI000E
HES1 ENCAB7240QW | 0.31 | pre 0001203 ENCFF1440PN
ENCFFOT2CXB
HNF4A | ENCABOOOAHP | 0.15 ENCFFS37QIL]
EF0:0001187 ENCFF905JAC
UBERON:0002107
ENCFFA97TMUF
HNFAG | ENCABOOOAHQ | 0.09 N N CPTOSCTA
UBERON:0002107
EFO:0002067 ENCFFS28KXC
HNRNPK | ENCABOOOBEN | 0.00 | p 0000/ ENCFROSIQUV
EFO:0002067 ENCFF9SIESZ,
HNRNPL | ENCABOOOAVZ 1023 | ppy 001187 ENCFF039CUI
EFO:0002067 ENCFFGG2WPN
HNRNPLL | ENCABGOSBTS | 0.12 | 100000 o NSO
EFO:0002067 ENCFFOGOBZA
IKZF1 ENCABL44WPX | 0.32 | EF0:0001187 ENCFF968NOG
EFO:0002784 ENCFF9940QH
EFO:0002067 ENCFFOISNNE
IKZF1 ENCABSOIRL 1 0.27 | ppoy 000784 ENCFF785BTP
ENCFFO0TUNK
ENCFF3311UK
EFO:0002067 ENCFF312GEN
EFO:0003042 ENCFF394CEC
JUN ENCABOOOAER | 0.12 | pr 1001187 ENCFF167TWUZ
EFO:0001203 ENCFFSS1AVX
ENCFF672LKE
ENCFF032UMW
EFO:0002067 ENCFFATSXNA
JUNB ENCAB0O00BQG | 0.0 EFO:0002784 ENCFF739XTO
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ENCFF587VEY

ENCFF569ZCY
ENCFF213EYD
ENCFF873DJD
ENCFF998KDQ
ENCFF246HKM
JUND ENCABOOOAID 0.02 ENCFF539GRW
EFO:0001086 ENCFF420PED
EF0:0002824 ENCFF187QQOB
EFO:0002067 ENCFF430PEI
EFO:0001187 ENCFF443HNU
UBERON:0002107 ENCFF646IUA
EFO0O:0003072 ENCFF229COM
EF0O:0003042
EF0O:0002784
EFO:0001203
EFO:0001086 ENCFF768FGG
KDM1A ENCABOOOAIH 0.11 EFO:0001187 ENCFF316CBQ
EFO:0003042 ENCFF5620AN
EFO:0001086 ENCFF149INM
KDM5A | ENCABIMRSH 1006 | ppo.001187 ENCFF334HKG
EFO:0002067 ENCFF305SLO
LARPT | ENCABSGSDRS | 032 | 56002784 ENCFFG668ZTJ
EFO:0002067 ENCFF498MGH
MAFF ENCABTI7TEYF | 0.14 EFO:0002791 ENCFF493TIR
EFO:0001187 ENCFF672LKL
EFO:0001086 ENCFF813WJW
EFO:0001203 ENCFF1710JF
EFO:0002067 ENCFF873SVI
EFO:0001187 ENCFF351VGZ
MAFK [ ENCABOOOALT 1 0111 ppo. 002701 ENCFFI86AWV
EFO:0001196 ENCFF712RIS
EFO:0002784 ENCFF3281ZQ
EFO:0003042 ENCFF893SCL
ENCFF762LKG
ENCFF140PUO
ENCFF270NAL
MAX ENCABOOOAIL 0.15 ENCFF493ZMX
EFO:0002067 ENCFF618VMC
EFO0:0001187 ENCFF669BQN
UBERON:0002107 ENCFF900NVQ

EF0:0002784
EF0:0003042
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EFO:0001086 ENCFFG66YGQ

EFO:0001187 ENCFF144TBQ

MAZ ENCABOOOAIM | 0.05 | EFO:0001196 ENCFFG61NNJ
EFO:0002784 ENCFF916AJB

EFO:0001203 ENCFF348STZ

EFO-0002067 ENCFFAGIQAL

MBD2 ENCABOOOBQP 1 0.13 1 gy 6001203 ENCFF617QSK
EFO-0002067 ENCFF578NMN

MLLT1 | ENCAB650PBW | 0.16 | EFO:0002784 ENCFF125MEN
EFO:0001203 ENCFFO10AIG

EFO-0002067 ENCFEF562FMQ

MNT ENCABOOOBCL | 019 | EFO:0001187 ENCFF432GSK
EFO:0001203 ENCFF459DYU

EFO-0002067 ENCFFA510QD

MNT ENCABSSTGAG | 0.06 | pro 001187 ENCFF482JSR
EFO-0002067 ENCFFSOIKEW

MTAL ENCABOOOBCN 1 0.24 1 pr 0001203 ENCFF225VFR
EFO-0002067 ENCFFOS3AZM

MTA3 ENCABOOOBML | 0.24 | pry 0001203 ENCFF459XLR
EFO:0002067 ENCEFEF255WIM

CL:0002319 ENCFF199HGX

MXI1 ENCABOOOAIT 0.8 | ppoy h000784 ENCFF243QTL
EF0:0003072 ENCFF116RCK

ENCFF3927JN

ENCFF542GMN

ENCFF339AQP

EFO:0001086 ENCFF605WXD

EFO:0002067 ENCFF370EQJ

MYC ENCABOOOAET 1 0.15 1 gy 6003042 ENCFF492XUU
EFO:0001203 ENCFF3000KR

ENCFF527EGF

ENCFFG58XME

ENCFF700TLG

EFO-0007950 ENCFFG21PFM

NANOG | ENCABOOOAIX 1028 | ppy 6003040 ENCFF794GVQ
EFO-0002067 ENCFFG3SIIC

NCORL | ENCABSOSKAO 10.26 | ppo g001187 ENCFF616RSZ
EFO-0002067 ENCFF059L]D

NEUROD1| ENCABOOOBDX | 0.28 | 17000 ENCEETnADC
EFO-0002067 ENCFF430JFH

NFATC3 | ENCAB3TSFHW | 015 | ppey 000784 ENCFF704PDA
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EFO:0001086 ENCFFSS2YLO
EFO:0002791 ENCFF305KIK
NFE2L2 | ENCABSOOOND | 0.1 EFO:0001187 ENCFFAT4PPT
EFO:0001196 ENCFF418TUX
EFO:0002067 ENCFF3205TX
NFXL1 | ENCAB20SFGX | 026 | EF0:0002784 ENCFFS60IXB
EFO:0001203 ENCFF927DIO
EFO:0002067 ENCFF510NDO
NFYB ENCABOOOAJID 1 0.11 1 oo 1002784 ENCFFO09NXK
EFO:0002067 ENCFFOSINXU
NKRF ENCAB893CIV. 1 0.14 1 pri 0002784 ENCFF520QSR
EFO:0002067 ENCFFS23COK
NONO | ENCABO9TMPS [ 0.11 | gpyy.0001187 ENCFF420QKI
EFO:0002067 ENCFF515YFU
NONO ENCAB349QGP | 0.34 1 pre 0001203 ENCFFS00CDQ
EFO:0002067 ENCFFAG2AKP
NR2Cl | ENCAB324ARN | 0.18 |\ ppoy 009784 ENCFF023XHV
EFO:0002067 ENCFE363IQN
NR2F1 | ENCABOOOATZ | 0.2 EFO:0002784 ENCFF531KOV
ENCFF11SHUH
NR2F2 | ENCABOOOAJH | 0.24 ENCFFS19WNB
EF0:0002067 ENCFF379TVQ

UBERON:0002107
EFO:0002067 ENCFF350CKI
NR2FG | ENCABSS4ATP 1 0.19 | ppoy001187 ENCFF194VBK
EFO:0001203 ENCFFG652BRY
EFO:0001187 ENCFF407IVS
NRF1 ENCABOOOAJL -~ 110.05 | ppoy. 000784 ENCFF418DKQ
EFO:0003042 ENCFF269RME
ENCFF313RFR
NRF1 ENCABOOOBLM | 0.01 ggggggfgg; ENCFF626VDA
: ENCFF543STN
EFO:0002785 ENCFFO97VAD
PAX5 ENCABO00AJS | 018 | EFO0:0002786 ENCFF196JGP
EFO:0002784 ENCFFO87CQF
EFO:0002784 ENCFFA730M0Q)
PAX8 ENCABO00BOS | 0.34 | pri.0001203 ENCFF992JWY
EFO:0002067 ENCFFO250BR
PBX2 ENCABGITXQW | 0.11 | ppiy001187 ENCFF709YWO
EFO:0002067 ENCFFAGTRYH
PCBPL | ENCABOOOBFX | 0.0 EFO:0001187 ENCFFASTWAN
EFO:0002067 ENCFFG642XRH
PCBP2 | ENCABOOOBFY 1 0.33 | ppoy 001187 ENCFF941XZW

138




EFO:0001086 ENCFF907WHF

PHES [ ENCABTSTLUG 1 0.06 | pro 001187 ENCFF202WIO
ENCFF246QVY

ENCFF271RGE

ENCFF403ZEO

EF0:0001086 ENCFF422HDN

EF0:0002824 ENCFF964EVA

EF0:0001203 ENCFF5655UC

EF0:0002067 ENCFF387VGY

EF0:0001187 ENCFF4557LJ

POLR2A | ENCAB0O00AOC | 0.02 | EF0:0002786 ENCFF021HUZ
EF0:0002791 ENCFF099NYA

CL:0002618 ENCFF741JES

EF0:0002785 ENCFF798PUX

EF0:0002784 ENCFF730DLS

EF0:0003042 ENCFF664KTN

ENCFF668VIK

ENCFF915LKZ

ENCFF182YZG

EFO:0001086 ENCFF652YVO

POLR2A EF0:0002067 ENCFF156MIR
phosphoS2 ENCABO00AOB | 0.02 EFO0:0001187 ENCFF2660PF
EF0:0002784 ENCFF847DXY

EFO:0002067 ENCFF283CUY

POLR2G | ENCABS9RAZR 1019 1 ppo g001187 ENCFF5511JP
EFO:0002067 ENCFFA17RQZ

PRPEL | ENCABGAFBH 1041 o go01187 ENCFF908QCS
EFO:0002067 ENCFF875ZPV

PTBPL [ ENCABSSSIRN 1025 1 ppo go01187 ENCFF917HXV
ENCFF5570CR

ENCFF897QCA

ENCFF654EGO

ENCFF454TRL

ENCFF895J AW

RAD21 | ENCABOOOAKG | 0.04 ENCE295GOD
EF0:0001086 ENCFF255FRL

CL-0002319 ENCFFS874VFZ

EFO:0001187 ENCFFOG0IVS

UBERON:0002107 ENCFF229WFR

EF0:0003072 ENCFF093X0OJ

ENCFF315BSV

EF0:0001196
EF0:0002784
EF0:0003042
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EFO:0001187

ENCFF330VPL

RAD2L | ENCABGOTXQW 1 0.09 1 pr6.0001203 ENCFF0S1TVC
EFO:0002067 ENCFFS59MBC
EFO:0001187 ENCFF996NBR
RADSL | ENCABAOGZKT 1 0.13 | pro. 009784 ENCFF091AYX
EF0:0001203 ENCFF7400PF
EFO:0002067 ENCFF0340SV
RB1 ENCABOOOBEB | 0.02 1 pro.0002784 ENCFF328Q7ZM
EF0:0002067 ENCFF607WCQ
RBBP5 | ENCABOOOAKH 10.03 1 ppo. 0003042 ENCFF666PCE
EFO:0002067 ENCFFS7T1YRG
RBFOX2 | ENCABSO2TEY 1 0.05 | ppoy.oo1187 ENCFF232ASB
EFO:0002067 ENCFF420IBN
RBM22 [ ENCABAT6CES 1 0321 ppoy.goo1187 ENCFF305WYD
EFO:0002067 ENCFF420ALF
RBM39 | ENCABITSCWB 10251 ppo.001187 ENCFF503DIK
EFO:0003072 ENCFFO73ADA
EFO:0001187 ENCFF470ZMK
RCORL | ENCABOOOAFK | 015 | pro.0002784 ENCFF987VKU
EFO:0001196 ENCFF139EBY
ENCFF023ZUW
ENCFF208NUB
ENCFF107EWT
ENCFF403CAJ
ENCFF540FXB
ENCFF313CII
REST ENCABOO0AJK | 0.05 00008 ENCEFEaOX O
EF0:0002067 ENCFFI86RR.J
EF0:0001187 ENCFF796YFZ
EF0:0003072 ENCFF274BBE
UBERON:0002107 ENCFF288XHG
EF0:0002791 ENCFFI78WRO
EF0:0002784
EFO:0003042
EFO:0001086 ENCFF502J7]
EFO:0001203 ENCFF062WBN
EFO:0002067 ENCFF259LNG
RFX5 ENCABOOOAKJ | 0.04 | EFO:0001187 ENCFF201YKU
EFO:0003072 ENCFF179WDI
EFO:0002784 ENCFF059CGWW
EFO:0003042 ENCFF103MPW
EFO:0002067 ENCFF330SYL
RNE2 ENCABOOOBEA 1 0.06 | ppoy.0001187 ENCFF820LKT
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EFO:0002067

ENCFF462AZY

RNF2 ENCAB790JUW | 0.26 EF0:0003042 ENCFF283MNG
ENCFF313BDA
ENCFF105TFM
RXRA ENCABOOOAKN | 0.2 ENCFF430SIE
EF0:0003042 ENCFF572MCI
EF0:0001187 ENCFF201KGJ

EF0:0002784

UBERON:0002107
EF0:0002067 ENCFF103RHL
SAP30 ENCABO0OAKO ) 0.15 EF0:0003042 ENCFF193TFR
EF0:0001086 ENCFF514BGQ
EF0:0001203 ENCFF802JAN
SIN3A ENCABOOOAKR | 0.05 EF0:0002067 ENCFF050CYK
EF0:0002784 ENCFF567BJI
EF0:0003042 ENCFF220RUS
EF0:0001086 ENCFF663RUS
EF0:0002067 ENCFF407VGB
SIN3A ENCABOOOAKS | 0.08 EF0:0001187 ENCFF635YMI
EF0:0003072 ENCFF708HTR
EF0:0003042 ENCFF905VZD
EF0:0002067 ENCFF193DQZ
SIN3B ENCABIS4LUB | 0.19 EF0:0001187 ENCFF543INR
EF0:0001086 ENCFF864TFH
EF0:0002067 ENCFF189NMX
SIX5 ENCABOOOAKY ) 0.07 EF0:0002784 ENCFF644BNN
EF0:0003042 ENCFF247LOF
EF0:0002067 ENCFF254QDM
SKIL ENCABOOOBNW | 0.3 EF0:0002784 ENCFF903KEI
EF0:0002067 ENCFF937PGY
SMAD1 | ENCABOOOAYH ) 0.16 EF0:0002784 ENCFF084BUP
EF0:0002067 ENCFF855SJG
SMAD5 | ENCABOODAAG | 0.02 EF0:0002784 ENCFF069AAY
CL:0000103 ENCFF703NAE
SMARCA4 | ENCABOOOAEO | 0.26 EFO-0002067 ENCFF482]UT
EF0:0002067 ENCFF052STI
SMARCAS5 | ENCAB528BVW | 0.21 EF0:0002784 ENCFF481TNF
EF0:0001203 ENCFF618JNX
EF0:0002067 ENCFF150NHK
SMARCC?2 | ENCAB313DWJ | 0.18 EFO.0001187 ENCEFT517VX
EF0:0002067 ENCFF4355ZS
SMARCE1 | ENCAB550CKA | 0.27 EFO.0001203 ENCEFT61NKD
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EF0:0001086

ENCFF035YWE

EF0:0002067 ENCFF572RPI
CL:0002319 ENCFF944KJO
SMC3 ENCABOOOAKX | 0.02 EFO:0001187 ENCFF380ZXB
EF0:0001196 ENCFF256LDD
EF0:0002784 ENCFF175UEE
EF0:0002067 ENCFF529BDW
SNIP1 ENCABO27LVC | 0.14 EF0:0001203 ENCFF455HWV
EF0:0002067 ENCFF944LNI
SOX6 ENCABOOOBOG | 0.43 EF0:0001187 ENCFF431STY
ENCFF4040SB
ENCFF500JFI
SP1 ENCABO0OOAKY | 0.16 ENCFF175VXL
UBERON:0002107 ENCFF433EFF
EF0:0001086 ENCFF978TMH
EFO0:0001187
EF0:0003042
EFO:0002067 ENCFF577EMC
SP1 ENCABOOOBAV | 0.25 EF0:0001187 ENCFF452LDK
EF0:0001203 ENCFF735WMX
EF0:0002067 ENCFF414ECK
SPI1 ENCABOOOAKF | 0.15 EF0:0002785 ENCFF744AGB
EF0:0002784 ENCFF071ZMW
EF0:0001086 ENCFF275WAD
SREBF1 | ENCABOOOALC | 0.14 EF0:0002067 ENCFF777TMYW
EF0:0001203 ENCFF624DDK
ENCFF345IDL
SRF ENCABOOOALE | 0.14 Egg;gggggig ENCFF182IFE
' ENCFFS829SEJ
ENCFF323QQU
EF0:0002067 ENCFF747ICD
STATI ENCABUOODALF | 0.16 EF0:0002784 ENCFF431NLF
ENCFF646MXG
EF0:0002067 ENCFF383YEA
STAT5A | ENCABOODALT 1 0.29 EF0:0002784 ENCFF517IXK
EF0:0002067 ENCFF856HYC
SUZ12 ENCABOOOBEB | -0.02 EF0:0001187 ENCFF239LRW
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ENCFF033PLJ

ENCFEF762MGC
ENCFF234TBW
ENCFF47INIK
ENCFF453TIB
TAF1 ENCABOOOALM | 0.02 ENCFF278X0OE
EFO:0001086 ENCFF540AAP
EFO0:0001203 ENCFF870SFJ
EFO:0002067 ENCFF886KDK
EFO:0001187 ENCFF2140JW
EFO:0002786 ENCFF423CTO
EFO:0003072
UBERON:0002107
EFO:0002791
EFO:0002785
EFO:0002784
EFO:0003042
EFO:0002067 ENCFF641AXD
TARDBP | ENCABOOOAUF | 0.02 EFO:0002784 ENCFF871LZM
EFO:0002067 ENCFF909RMQ
TARDBP | ENCABOOOBAX | 0.16 EF0O:0002784 ENCFF668JHK
EFO0:0001203 ENCFF233RBO
EFO:0002067 ENCFF448YOS
TARDBP | ENCABO57TRGG | 0.18 EFO-0001187 ENCFF696QPP
EFO:0002067 ENCFF126KGW
TBL1XR1 | ENCABOOOALP 0.1 EFO:0001187 ENCFF392JWA
EFO:0002784 ENCFF239WFN
EFO:0002067 ENCFF370YGS
EFO:0001187 ENCFF748YXF
TBP ENCABOOOALR | 0.08 EF0O:0002791 ENCFF302RQH
EFO:0002784 ENCFF534GKQ
EFO:0003042 ENCFF896UZB
EFO:0001086 ENCFEF740HPV
EF0O:0001187 ENCFF768VSH
TCF12  ENCABOOOALT 1022 pro.002784 ENCFF299JYV
EFO:0003042 ENCFF228CDD
EFO:0002067 ENCFF897RYA
TCFI12 ENCAB506UYG | 0.38 EFO:0002784 ENCFF912LXU
EFO:0002067 ENCFF152RNE
TCF7 ENCABOOOACR | 0.27 EFO:0001187 ENCFF512IAI
EFO:0002784 ENCFF928 MIN
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EFO:0002067 ENCFF539FVQ)
TOE1 ENCAB755SML | 0.19 | EFO:0001187 ENCFFO14WCO
EFO:0001203 ENCFF144VMM

TRIM22 | ENCABOOOBNM | 0.33 | EF0:0002784
EFO:0001203 ENCFFS30TFU
ENCFF552WAH
EFO:0002067 ENCFF031KU0
U2AFL | ENCAB298WVV 1 0.33 | pro g001187 ENCFF482DRO
EFO:0002067 ENCFFT01QXK
EFO:0001187 ENCFF717KGR
USF1 ENCABOOOAME 1 0.08 | oo 5002784 ENCFFO14IFQ
EFO:0003042 ENCFF699HXL
EFO:0001086 ENCFF514SWA
EFO:0002067 ENCFF425FVY
USF2 ENCABOOOAMH | 0.07 | EFO:0001196 ENCFF593E0W
EFO:0002784 ENCFF938BO.J
EFO:0003042 ENCFF710JBU
EFO:0002067 ENCFFO20TWP
XRCC5 | ENCAB30SAOH 1 0.04 | o 001187 ENCFFT90ZAQ
EFO:0001187 ENCFF332F UL
YBX1 ENCABA93UWX | 0.17 | EF0:0002784 ENCFF247VVEK
EFO:0001203 ENCFF500RBO
ENCEFO721T)
YY1 ENCABOOOANS [ 0.08 | 0000200 ENCFF635XC1
: ENCFF024TJO
ENCFFO53BTH
ENCFF613DTQ
ENCFF363UWP
ENCFF094BQZ
YY1 ENCABOOOANT | 0.04 ENCFF177YDT
EFO.0002824 ENCFF538VYU
EFO-0002067 ENCFF223MUF

UBERON:0002107

EFO:0002785

EFO:0002784

EFO:0003042
EFO:0002067 ENCFF388TYU
ZBEDL | ENCABOOOAAK 1 021 | pro 009784 ENCFF630FLK
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ENCFF422MCZ

ENCFF593ZJA
ZBTB33 | ENCABOOOAML | 0.15 ENCFFI43WRA
EF0:0001086 ENCFF7730QL
EFO-0002894 ENCFF727ZIT

UBERON:0002107

EFO:0002784
EF0-0002067 ENCFF556STK
7BTB33 | ENCAB292USO | 0.21 EFO:0002784 ENCFF780WLS
EF0:0001203 ENCFF475DID
EF0:0002067 ENCFF932XEU
EFO:0001187 ENCFF624WDI
ZBTB40 | ENCAB373DVF | 0.08 EFO:0002784 ENCFF08SLZZ
EFO:0001203 ENCFFO84IUW
EFO-0002067 ENCFF953JQD
ZBTB7A | ENCABOO0OAMM | 0.07 EFO:0001187 ENCFF245LRG
EFO-00010%6 ENCFFA78PGJ
ZC3H11A | ENCABOOOAMN | 0.44 ERO.0002067 ONCPPALSSIS
EFO-0001036 ENCFF166GKK
EFO:0002067 ENCFF429XQI
7FP36 ENCABI118PND | 0.09 EFO:0001187 ENCFF137JHO
EF0:0002791 ENCFF224WII
EFO:0002784 ENCFF763HPQ
EFO:0001203 ENCFF21551C
ZFX ENCABESTHDP 0.5 1 ppoy. 000804 ENCFF775BW)J
EF0:0002067 ENCET267DZE
ZHX1 ENCAB36IRPF | 0.04 EFO:0002791 ENCFF495BPY
EFO:0001187 ENCFF694ZRC
ZHX2 ENCABOOOATW | 0.17 EFO:0001203 ENCFF964KDQ
EFO-0002067 ENCFF687REM
7ZKSCAN1 | ENCABOOOAMP | 0.26 EFO:0001187 ENCFF704VDI
EF0:0001203 ENCFF72INEC
EFO-0002067 ENCEF195IFD
ZMYM3 | ENCABA26WVA | 0.19 EFO:0001187 ENCFF769SEZ
EFO:0002067 EEI\IN%???SOS%?;

ZNF143 | ENCABOOOAMR | 0.06 EFO:0002784
ERO.0005012 ENCFF193POQ
: ENCFF153TQR
EF0:0002784 ENCEF676BIG
ZNF207 | ENCABOOOBNU | 0.24 EFO:0001203 ENCFF621ZSK
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ZNF217 | ENCABIS2PZR | 0.15 ggggggf;gg gﬁgﬁﬁgfggﬁﬁ
ZNF24 | ENCABOGOJJI | 0.1 ggggggfgg; %ﬁ%ﬁ?ﬁﬁﬁ%

EF0:0002067 ENCFFGLOBFO
ZNF24 | ENCAB19SYAJ | 0.08 gggggg;zz §§S§§§é§§§§

EF0:0001203 ENCFF904QAD
ZNF282 | ENCAB503NQV | 0.0 gggggg%gg; 5§§§§f§§§%
ZNF592 | ENCABA3SBKV | 0.1 gggggg?gg; %1;%1;?5121%?&{
ZNF687 | ENCABI46FZU | 0.14 gggggg?;ﬁg Eﬁgﬁ%ﬁg@%
ZSCAN29 | ENCAB211EDR | 0.1 5588883221 §§g§§§$§§§§
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H ENCODE Name Cell Type H

CL:0000062 osteoblast
CL:0000103 bipolar neuron
CL:0000127 astrocyte
CL:0000182 hepatocyte
CL:0000192 smooth muscle cell
CL:0002319 neural cell
CL:0002372 myotube
CL:0002551 fibroblast of dermis
CL:0002618 endothelial cell of umbilical vein
EFO:0001086 A549
EFO:0001187 HepG2
EFO:0001196 IMR-90
EFO:0001203 MCF-7
EFO:0002067 K562
EFO:0002074 PC-3
EFO:0002784 GM12878
EFO:0002785 GM12891
EFO:0002791 HeLa-S3
EFO:0002824 HCT116
EFO:0003042 H1
EFO:0003072 SK-N-SH
EFO:0006711 OCI-LY7
EFO:0007950 GM23338
UBERON:0002107 liver
NTR:0000711 neural progenitor cell

Table B.2: Cell type names and their corresponding ENCODE representations.
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(shaded) and cell type general (dashed) cases on the test dataset.
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Figure B.2: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
specific (shaded) and cell type general (dashed) cases on the test dataset.
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Figure B.3: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
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Figure B.4: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
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Figure B.5: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
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Figure B.6: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
specific (shaded) and cell type general (dashed) cases on the test dataset.
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Figure B.7: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
specific (shaded) and cell type general (dashed) cases on the test dataset.
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Figure B.8: (continued) Bar plots of AUC differences per cell type per TF-AB for cell type
specific (shaded) and cell type general (dashed) cases on the test dataset.
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Figure B.10: (continued) Bar plots of AUC differences per cell type per TF-AB for cell
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Appendix C

Motif Enrichment: Appendix

Appendix C provides the supplementary information for Chapter 5 on “Motif Enrichment
and Cell Type Specificity in Transcription Factors”. This includes figures of motif enrich-
ment networks for various cell types, such as GM12878, MCF-7, H1, HeLa-S3, HCT116,
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(a) GM12878

Figure C.1: Motif enrichment networks for cell type (a) GM12878.
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Figure C.1: (continued) Motif enrichment networks for each of cell types

H1 and (d) HeLa-S3.
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Figure C.1: (continued) Motif enrichment networks for each of cell types (e

IMR-90 and (g) SK-N-SH.
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