ENHANCED ALGORITHMS TO DETECT AND CHARACTERIZE
CONSERVED REGULATORY SEQUENCES

by
Jin Woo Oh

A dissertation submitted to Johns Hopkins University in conformity with the requirements for

the degree of Doctor of Philosophy

Baltimore, Maryland
April 2024

© 2024 Jin Woo Oh

All rights reserved



Abstract

Mutations in gene regulatory elements are associated with increased risk for many
complex genetic diseases such as schizophrenia, diabetes, and cancer. However, the
degenerate sequence structures of regulatory elements and their complex contribution to
gene expression pose great challenges to understanding pathogenesis induced by
regulatory mutations. To decipher the regulatory genome, advancement in both
experimental and computational methods to characterize gene regulatory elements is
indispensable. This dissertation details my contribution to this effort, with emphasis on the

computational aspect.

First, | collaborated with members of the ENCODE and IGVF consortia to
functionally characterize diverse gene regulatory elements through systematic epigenetic
perturbation with CRISPRi. For example, we screened putative enhancers of core
transcription factors that drive differentiation of embryonic stem cells to definitive
endoderm (e.g., SOX17, GATAG), and discovered that enhancers modulate the speed of
cell differentiation through enhancer strength and redundancy. Further, we quantitatively
analyzed diverse CRISPR screen methodologies, and identified important principles of
non-coding CRISPR screens that will streamline future efforts for enhancer functional

characterization.

Second, to facilitate functional characterization of regulatory elements through
model species, we developed a novel genome alignment algorithm designed to identify
conserved distal enhancers. Biological functions and variant impacts of human
enhancers are often tested using their conserved orthologous counterparts in model
species such as mice. However, due to both rapid evolution of enhancers and

computational limitations, mapping conserved distal enhancers between distant



mammals remains a challenge. To improve upon existing computational methods, we
developed a novel genome alignment algorithm using gapped-kmer sequence features,
which have previously been shown to effectively model regulatory sequences. We
comprehensively evaluated the novel algorithm, gkm-align, using thousands of DNase-
seq data generated from diverse human and mouse cell/tissues. Through this expansive
dataset, we observed intriguingly high level of variation in enhancer conservation across
distinct cell/tissues, which is explainable through association with transposable
elements. This observation provides a quantitative support to the notion that enhancer
evolution and transcriptional rewiring may be driven by transposable elements that carry
human transcription factor binding sequences. We show that while cell-specific
regulatory vocabulary is conserved, enhancers evolve more rapidly than other genomic
elements such as promoters and CTCF binding sites. In spite of the rapid evolution,
gkm-align discovers more than 20,000 novel enhancers with conserved epigenetic

profiles, missed by standard alignment methods.
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Chapter 1

Introduction

1.1. Overview

The human genome encodes around 20,000 protein coding genes, and precise
regulation of cell-specific gene expression is crucial for the development of diverse
cell/tissues with distinct protein expression profiles and biological functions. Gene
expression is modulated through non-coding regulatory DNA elements such as enhancers
and promoters, and their mutation can cause disruption in gene regulation and lead to a
wide range of common diseases such as cancer and schizophrenia'. Understanding
functional and sequence properties of gene regulatory elements is indispensable for
elucidating physiological processes driven by gene regulatory elements, such as
embryonic development?, and for identifying pathogenic regulatory mutations®# that
disrupt such processes. However, studying gene regulatory elements, especially
enhancers, has proved difficult due to their complex contribution to gene expression and
their degenerate sequence structures®. These properties of enhancers also induce rapid
evolution of enhancers®’, which makes it difficult to functionally characterize enhancers
through model animals such as mice. This dissertation is focused on developing and
applying novel technologies to overcome such obstacles for studying enhancers and
expand our knowledge of gene regulation. The dissertation is composed of two parts, with
emphasis on the second part: 1) applying CRISPRi technology for direct functional
characterization of diverse gene regulatory elements®® and 2) developing novel genome-
alignment algorithm'® to map human distal enhancers to mouse using sequence features
that effectively model the degenerate sequence structure of enhancers: gapped-kmers. A
large portion of the dissertation will focus on the second part.
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Enhancers contain degenerate clusters of binding sites for transcription factors
(TFs)®, and it is widely accepted that enhancers activate transcription through physical
interaction with target promoters''. However, despite the consensus on their general role
as a class of DNA elements, mapping individual enhancer to biological functions has been
difficult. For example, identifying an enhancer’s target promoter is not trivial as enhancers
are often distal to their target promoters, often skipping multiple genes'>'*. How the
genome modulates interaction specificity among enhancers and promoters is one of the
key active research areas. Also, many enhancers are accompanied by other enhancers
that regulate the same target gene®'%'6. The enhancer redundancy may confer robustness
against regulatory mutations or modulate target gene expression cooperatively or
independently'’, but regulatory dynamics of most gene regulatory circuits encoded in the
genome are yet to be characterized. All these obstacles against understanding regulatory
programs have been largely due to the lack of experimental techniques that directly
characterize enhancer functions in their native biological contexts. Since its invention,
CRISPRI (dCas9-KRAB)", has become a popular technology for directly characterizing
enhancer elements by delivering target specific regulatory perturbation in vivo. We
collaborated with members of the ENCODE and IGVF consortia to systematically perturb
diverse gene regulatory elements in cancer cells and embryonic stem cells to dissect
regulatory circuits of multiple gene loci of significant biological interest and identified
important principles of gene regulation®®. The dissertation will briefly cover the results from

the collaborations, with emphasis on computational analysis of enhancer perturbation.

Expanding functional characterization of enhancers beyond the level of gene
expression or cellular phenotype requires testing their orthologous counterparts in model
animals such as mice?'3151819 For example, to validate a putative pathogenic mutation in

a human enhancer, an orthologous enhancer element in mice can be genetically



engineered to confirm whether the regulatory mutation in mice also leads to increased risk
of the disease?'®'°. However, mapping conserved enhancers between distant mammals
is difficult due to the rapid evolution of enhancers. Many enhancers contain multiple
redundant and degenerate transcription factor binding sequences, and such sequence
structure of enhancers tolerate accumulation of regulatory mutations with limited impact
to enhancer activity®>®. Further, enhancer redundancy in gene regulation allows gain or
loss of function mutations in enhancers with only mild impact to gene expression®. Such
properties of enhancers allow rapid enhancer turnover, and as a result, many enhancers
lack conserved markers of enhancer activities (e.g., chromatin accessibility) at
orthologous loci identified by conventional genome alignment and mapping algorithms?.
The lack of apparent regulatory conservation is largely due to the rapid evolution of
enhancer elements, but limitations in conventional genome alignment algorithms?2'22 can
also contribute significantly. Conventional methods align enhancers by detecting colinear
sequence of nucleotides using variants of the Smith-Waterman algorithm, but such
strategy may not be suitable to model the degenerate sequence structure of enhancers.
Gapped-kmer sequence features effectively model the sequence degeneracy, and
previous works®*+2*24 from our lab have shown that gapped-kmer sequence-based
machine learning models can accurately distinguish enhancers from DNA elements with
no regulatory activities. A major focus of my Ph.D. research has been to develop a novel
genome alignment algorithm'® that uses gapped-kmer based sequence similarity metric
to identify optimal alignment paths along human and mouse genomes. From more than
2,000 human and mouse DNase-seq data from the ENCODE database, we derived 45
pairs of orthologous human and mouse cell/tissues with highly matching transcription
factor activities. Using this expansive dataset, | show that gkm-align can identify more than
20,000 novel conserved enhancers across the 45 cell/tissues. Through the analysis of this
expansive human and mouse data, we also observed intriguingly high level of cell/tissue

3



specific variation in enhancer conservation. The pattern of cell/tissue specific variation in
enhancer is consistent with the previously reported pattern of cell/tissue specific
conservation level of gene expression?®. For example, conservation levels of both brain
enhancers and gene expression are significantly higher than those of the liver and immune
cells. This pattern of variability is largely explainable by association with transposable
elements, which provides a quantitative support to the intriguing idea that transposable
elements may play a central role in propagating TF binding sites and drive evolution of

gene expression?6?7,

To expand our knowledge of the regulatory genome, we collaborated with multiple
ENCODE and IGVF consortia labs to functionally characterize diverse gene regulatory
elements®® through systematic epigenomic perturbation with CRISPRI. Further, to
facilitate future functional characterization of enhancers through model animals such as
mice, we developed a novel genome alignment algorithm'®, through which we observed
important principles of enhancer evolution. Together, | hope the results | present in this
dissertation will be a valuable resource for future studies of gene regulation and spur

development of treatments for genetic diseases caused by regulatory mutations.

1.2. Thesis organization

In chapter 2, | provide background information on enhancer biology. | review how
interplays among enhancers, promoters, and regulatory proteins dynamically control gene
expression. Then, | briefly go over some key biological properties of enhancers (e.g.,
chromatin accessibility) and standard experimental methods that are widely used for
mapping putative enhancers genome-wide (e.g., DNase-seq). This information will serve

as the scientific basis for all the analysis | will present in the subsequent chapters.



In chapter 3, | present the results from the research collaboration with members
of the ENCODE and IGVF consortia, through which we systematically perturbed diverse
gene regulatory elements to directly characterize their biological functions®®. | first provide
an overview of how CRISPR is utilized to functionally characterize many putative enhancer
elements in parallel. Then, | present some of the key findings, from the collaboration with
ENCODE, with emphasis on the optimal design of CRISPR screens and the strand-
biasedness of CRISPRI perturbation at gene-bodies. Then, | will present computational
modeling of the regulatory process that drives differentiation of embryonic stem cells to
definitive endoderm, using CRISPR screen data generated in collaboration with Dr.

Huangfu (IGVF) and her team.

All the remaining chapters detail results from Oh and Beer'®, discussing enhancer

evolution and algorithms for detecting and characterizing conserved regulatory sequences.

Chapter 4 focuses on using a sequence-based machine learning method (gkm-
SVM32%) to model enhancer sequence structures across diverse human and mouse
cell/tissue types'®. This chapter introduces gapped-kmers, which is a sequence feature
utilized by both gkm-SVM and the novel gkm-align algorithm (detailed in chapter 6). Then,
| will show how gkm-SVM can be trained on enhancers to extract kmer-weight vectors that
encode TF binding motifs enriched in enhancers, which | will call ‘enhancer regulatory
vocabulary’ for convenience. Using simulated enhancer sequences with seeded TF
binding motifs, | will demonstrate that gkm-SVM regulatory vocabularies can effectively
and reliably recover expected sequence motifs. The simulation study, complemented with
previous experimental evidence®?®-3, provides justification for using gapped-kmer
sequence features to model enhancer conservation (chapter 6,7). Lastly, | show that TF
binding motifs in enhancers are highly conserved between human and mouse in a highly

cell/tissue specific manner'®. This allows derivation of 45 human and mouse cell/tissue



pairs with highly similar sets of core TF regulators, which | use to quantify enhancer
conservation rate by cell type (chapter 5) and to evaluate gkm-align’s performance

(chapter 6).

Chapter 5 provides quantitative analysis of enhancer conservation’® between
human and mouse using the 45 cell/tissue pairs derived in chapter 4. | will first provide a
brief overview of enhancer evolution. | show that enhancer conservation is highly variable
across cell/tissue types despite the consistently high levels of conservation of enhancer
regulatory vocabularies. Then, | show that the pattern of cell-specific rate of enhancer
conservation is largely explainable by association with transposable elements. | argue that
the results | discuss in chapter 5 provide a quantitative support for the idea that
mammalian gene expression evolution is driven by transposable elements carrying human

TF binding sites.

In chapter 6, | evaluate gkm-align (algorithmic details in chapter 7) against
conventional genome alignment and mapping algorithms. Further, | show that gkm-SVM
regulatory vocabularies can be incorporated into gkm-align to maximize the number of
identifiable orthologous enhancers conserved between human and mouse. Further,
enhancer vocabularies and gapped-kmer sequence similarity metric can be combined to
predict functional conservation of orthologous enhancer pairs identified with gkm-align,
based on likelihood of functional conservation'®. Utilizing this novel method, we generated
an expanded and quantitatively ranked catalogue of conserved human and mouse
enhancers across diverse tissues, | expect this will facilitate future discovery and
functional characterization by prioritizing enhancers for testing in model animals. Chapter

7 focuses on the algorithmic details of gkm-align™®.



Chapter 2

Background

The human body is comprised of trillions of cells with mostly identical genomic
DNA sequences. Each of the genomic copies of the DNA contains around 20,000 protein
coding sequences, and each of the trillions of cells selectively expresses a subset of the
protein coding genes at variable degrees for their specialized cellular functions. The ability
to regulate cell-specific gene expression is essential to multicellular organisms, and
elucidating the mechanism of gene regulation has been one of the major scientific pursuits
over the past century. Only around one percent of the human genome encodes protein
coding sequences, and the rest of the 99 percent of the genome, the non-coding genome,
has mostly unclear biological functions. Much of the non-coding genome may be non-
functional and neutrally evolving remnants of the past evolutionary history, but it has
become clear through the past decades of research that an important fraction of the non-
coding genome encodes instructions for regulating gene expression?3'32, This information
is written in gene regulatory elements!" such as enhancers and promoters. In this chapter,
| give a brief overview of the biology of gene regulation, and provide some canonical
features of gene regulatory elements that have allows genome-wide mapping of candidate
gene regulatory elements. This information will serve as the basis for functional (chapter
3), sequence (chapter 4), and evolutionary characterization (chapter 5-7) of enhancers

in subsequent chapters.

1n this dissertation, | will use the terms ‘gene regulatory elements’ and ‘cis-regulatory elements (CRE)’
interchangeably.



2.1. A brief overview of gene regulation

Gene regulation is modulated through interplay among gene regulatory DNA
elements (enhancers and promoters) and regulatory proteins (transcription factors and
histones). Transcription factors (TFs) are regulatory proteins that directly bind to DNA with
binding preference encoded in their amino acid sequences. Enhancers and promoters
contain clusters of TF binding motifs, which determine their binding affinity and specificity
to TFs. Promoters, located near transcription start sites (TSS), are known to bind basal
transcriptional machinery such as RNA polymerase Il (Polll) and general transcription
factors which are ubiquitously expressed across cell types. On the other hand, enhancers
are often distal to TSS and bind transcription factors with cell-specific expression?*.
Enhancers activate with increasing TF concentration and binding*34, which in turn recruit
cofactors. Then, the recruited cofactors can mediate transcriptional machinery assembled
at promoters®® or remodel nucleosome stability for transcriptionally permissive chromatin

environment3**8 through direct long-range physical contacts™.

Enhancers are modular and contain clusters of TF binding sites (TFBS) with
flexible DNA sequences, and such sequence properties confer enhancers functional
robustness to many mutations. There are well-documented examples of eukaryotic
enhancers with strictly ordered arrangement of TFBS %3740, but these examples are likely
to be exceptions. In many cases, enhancers appear to tolerate addition or loss of TFBSs
or change in their positions, causing little phenotypic impact in vivo and potentially
inducing frequent TFBS turnover*'~*. Divergent enhancer sequence architectures with
varying TFBS positions have shown indiscernible biological functions*>#¢, and, therefore,
strict TFBS positioning rules likely do not exist for most enhancers, and this is reflected in
performance comparisons of machine learning methods at predicting reporter expression

from enhancer sequences*?4748_|n these studies, a method that represents enhancers



as position-independent clusters of TFBS (gkm-SVM?3?23; more detail in Chapter 4) had
performance comparable to, if not better than, methods that incorporate TFBS positions
and orders using convolutional neural networks*®*°. This suggests that arrangement of TF
binding sites is not an essential parameter that determines function for most enhancers,
although some level of modulatory effects probably does exist. Combined with the
degeneracy of TF-DNA binding that tolerates a level of sequence variations within a
TFBS®'%2, the disordered and modular TFBS positioning of enhancers allows design
flexibility at low fitness costs, facilitating dynamic evolution of enhancers. This sequence
property of enhancers is central to building the gkm-align algorithm'®, which measures
enhancer conservation by comparing gapped-kmer sequence compositions between

human and mouse sequences (algorithmic detail in Chapter 7).

Enhancer activation is modulated through DNA binding competition between TFs
and histones. Due to the electrostatic attraction between the negatively charged DNA
backbone and positively charged histone lysine residues, much of the eukaryotic genome
wraps around histones, acting as a roadblock to TF binding at enhancers®*. Therefore,
activation of an enhancer requires a high local concentration of TFs with sufficiently high
affinity to the enhancer, enough to compete away the histones bound to the enhancer.
Such competition among DNA binding proteins is persistent across almost every segment
of the genome®354. At the level of a single enhancer, an enhancer can be considered a
signal integrator, having TF concentrations as inputs and its activation as the output. It is
curious what regulatory role histones play at the level of an enhancer other than blocking
TF signal input with steric hindrance, and this question is elegantly addressed with the
model of nucleosome-mediated TF cooperation described in Mirny%. This model shows
that, even without any direct TF-TF physical interaction, presence of multiple TF binding

sites at an enhancer leads to cooperative TF binding and competition against histones,



and this allows sigmoidal enhancer activation with respect to the input TF concentration
(Figure 2.1A; reproduced using equation [1] and [2] from Mirny®®). This mathematical
model shows that the nonlinear sigmoidal response of enhancers requires multiple TF
binding sites and nucleosome stability, which are parameters tunable with natural genetic
(enhancer mutation) and epigenetic changes (enhancer methylation, histone remodeling)
or artificially with CRISPR (detailed in Chapter 3). With the sigmoidal activation, a small
change in TF concentration at low TF concentration leads to minimal change in enhancer
activation. On the other hand, with low DNA-histone affinity (red line in Figure 2.1B) or
with only a single TFBS (red line in Figure 2.1C), enhancer activation linearly increases
with TF concentration in the low TF concentration limit. Since local TF concentration can
stochastically fluctuate, such lack of sigmoidal response can lead to leaky transcriptional
activation and perturb cellular phenotypes. Hence, enhancers typically have combinations
of multiple TFBS, which leads to a robust biological switch that discriminately responds to

changing TF concentration.
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Upon activation by TFs, enhancers can then regulate gene expression through
distal interaction with target promoters, often redundantly with other enhancers'. The
most well-studied example of distal enhancers is perhaps the ZRS enhancer that regulates
the expression of the SHH gene in the limb bud during embryonic development?.
Mutations of the ZRS enhancer are known to cause developmental defects such as
polydactyly through disruption of Shh expression?. The ZRS enhancer is almost 900
kilobases away from the Shh gene, regulating Shh expression through direct physical
contact. Contact frequency between enhancers and promoters tend to correlate with gene
regulation'®%¢, and accumulating evidence suggests that convergent CTCF binding motifs
recruit CTCF and cohesion architectural proteins to shape the specificity of enhancer-
promoter interactions (EPI) through formation of topologically associated domains
(TADs)® 115764 TADs are units of genomic compartments (~1Mb) segregated by high
pairwise DNA contact frequency'. The CTCF-driven three-dimensional chromatin
organization induces complex EPI networks, where EPI frequency sharply decreases
across TAD boundaries, while decreasing relatively mildly with genomic distance within
TADs®%%, For example, mouse embryos that were genetically modified to have increased
distance between ZRS and Shh without TAD disruption experienced only a mild decrease
in Shh expression and retained normal limb development. On the other hand, mouse
embryos with structural variations that disrupted the TAD boundaries led to monodactyly,
even when the structural variations brought ZRS and Shh closer’®. These observations
suggest that distal enhancers can be variably positioned within TADs with mild regulatory
impact. As shown in Chapter 5, CTCF binding sites are highly conserved between human
and mouse with little variation by cell-type, suggesting that TADs are evolutionarily and
developmentally invariant regulatory compartments. Enhancer redundancy further adds
to the design flexibility of EPI networks. Many mammalian promoters have been shown to
physically interact with multiple enhancers' 56667 where the number of interacting
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enhancers correlate with the level of downstream gene expression'%87  Enhancer
redundancy provides protection against phenotypic perturbation from loss-of-function
mutations in individual enhancers®'®, and it can modulate gene expression by additively
increasing the overall time that a promoter is in contact with any one of the redundant

enhancers®'.

Together, the complex network of gene regulatory DNA and protein elements
orchestrates gene expression, and cell-specific expression of TFs define cell-states. The
increase in TF concentration leads to selective activation of enhancers containing
associated TFBS, modulable with flanking histone modifications; activated enhancers then
recruit cofactors to distally regulate gene expression of their CTCF-defined insulated
neighbors. This picture of gene regulatory landscape can be visualized as Fig 2.2. This
principle of gene regulation is highly conserved across mammals, while the design
flexibility of the network structure facilitates mammalian evolution through transcriptional

rewiring. This will be discussed in more depth in chapter 5.

TF-enhancer CTCF mediated
binding affinity contact frequency
Enhancer, [/~

Enhancer, I_f_
Enhancer, | e
Enhancer, I_f_

Nucleosome mediated
sigmoidal activation

Peripheral gene
expression

Transcription factor (TF) expression

Figure 2.2. Transcriptional network wiring for regulation of gene expression.

Binding affinity between transcription factors (TF) and enhancers modulates their connectivity.
Distal interaction mediated by CTCF-loops modulate connectivity between enhancers and
promoters. Downstream gene expression determines cellular functions and identities. TF
expression feeds back to the regulatory network.
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2.2 Genome-wide identification of putative gene regulatory elements

As discussed in the previous section, gene regulatory elements are chromatin
accessible, marked by characteristic histone modifications at flanking nucleosomes, and
contain TFBS under evolutionary selection pressure. These properties of gene regulatory
elements were initially generalized from individual characterizations of a relatively small
number of gene loci using low-throughput experimental technologies®®"¢. These
techniques soon transformed into high-throughput genome-wide methods’’-# following
advancements in sequencing technologies, and have spurred large collaborative
projects®281:82 for the ambitious goal of mapping every regulatory element across the
human genome for diverse cell types. In this section, | will review some of the key high-
throughput experimental methods for mapping gene regulatory elements (More
comprehensive reviews in Maston et al.8, Klemm et al.34, and Gasperini et al.?*). All these
methods involve purifying DNA fragments with biological properties associated with

regulatory activity and mapping to a reference genome for signal enrichment.

ChlP-seq

Chromatin immunoprecipitation (ChlP)-seq is widely used to map DNA loci bound
by specific regulatory proteins of interest. A typical ChlP-seq procedure®?® begins with
cross-linking cells with formaldehyde, which creates covalent bonds between interacting
nucleic acids and proteins, followed by sonication to shear the DNA into fragments of 100-
300 base pairs. Then, the DNA fragments are purified using antibodies with high binding
specificities to the protein of interest. After reversal of cross-links, the enriched DNA
fragments are sequenced and mapped to a reference genome using read-mapping
software®®’., The mapped sequencing reads can then be piped into peak calling
software® to identify putative regulatory elements with significant binding association with
the protein of interest.
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One maijor challenge of utilizing ChlP-seq for enhancer mapping is that it requires
prior knowledge of molecular markers that define enhancers. Early studies have shown
that histone acetyltransferases, such as p300, are associated with active enhancers and
promoters®°°, Mapping p300 binding sites with ChIP demonstrated that active enhancers
are further associated with flanking histone modifications such as mono-methylation of
histone H3 lysine 4 (H3K4me1) and acetylation of histone H3 lysine 27 (H3K27ac)®'.
Promoters are also enriched with H3K27ac, but marked by tri-methylation of histone H3
lysine 4 (H3K4me3) instead of H3K4me1. Genome-wide analysis has shown the markers
of active enhancers are highly cell-specific and correlate with expression of nearby
genes®, while histone modifications at promoters appear cell-type invariant. These
markers of enhancers and promoters are highly conserved, and have been extensively
utilized to map putative regulatory elements across diverse mammals?>%. However,
identifying enhancers using histone marks has limitations. First, histone marks tend to be
broad, often extending several kilo bases, and make it difficult to identify core TF binding
sequences®®. More importantly, although histone marks associated with regulatory
elements are well-defined, the regulatory mechanism of how each histone modifications
play are not yet clear and still under active research®. ChlIP-seq signal of TF binding is
relatively narrower and allows more precise identification of enhancer coordinates.
However, identification of enhancers using TF ChlP-seq requires prior knowledge of active
TFs for a given cell-type. Enhancer-associated TFs tend to have high cell-specific
expression, and identification of active TFs is often difficult as TF expression levels tend
to be smaller compared to the level of peripheral gene expression. Hence, the utility of
ChlIP-seq in enhancer identification is currently limited largely by our knowledge of

mechanisms of gene regulation and structures of cell-specific gene regulatory networks.
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DNase/ATAC-seq

As discussed in chapter 2.1, DNA-binding competition between histones and TFs
determines activation of regulatory elements, where increasing TF concentration leads to
higher TF occupancy and decreased histone occupancy at enhancer centers. As TF
bindings tend to be unstable and have relatively lower residence time than histones®%,
increased TF occupancy allows higher chromatic accessibility to enzymatic cleavage by
DNase-l and Tn5 transposase through stochastic molecular interactions®*. This is the
molecular principle behind DNase-seq (DNase | hypersensitive site sequencing)’°7:% and
ATAC-seq (Assay for transposase-accessible chromatin using sequencing) *°. DNase-seq
involves cleaving DNA sites with high chromatin accessibility with DNase | endonuclease.
The fragmented DNAs can be filtered for short lengths to enrich for fragments that fall
within regulatory elements®, followed by sequencing and mapping to reference genome
to identify DNase | hypersensitive sites (DHSs). Similarly, ATAC-seq involves cleaving
accessible DNA sites with Tn5 transposase. Tn5 transposase further adds sequencing
adapters to the cleavage sites, which are then used to sequence and map Tn5-accessible
DNA fragments to a reference genome. Chromatin accessibility measured by DNase-seq
and ATAC-seq are highly correlated3*. Further, chromatin accessibility exhibits high
correlation with aggregate TF ChlIP-seq signals®® (R = 0.79; sum of 42 TF ChIP-seq in
K562 cells), supporting that chromatin accessibility is driven by TF binding. Also,
consistent with the observations made with enhancer and promoter associated histone
marks®, promoters tend to be constitutively accessible across many cell-types, while
distal enhancers tend to have cell-type accessibility**°3. As will be shown in chapter 4,
distal DHSs with cell-specific accessibility are enriched with histone modifications
associated with enhancer activities (H3K4me1, H3K27ac) and contain cell-specific TFBS

sequence motifs, while proximal DHSs with constitutive accessibility are enriched with
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promoter histone marks (H3K4me3, H3K27ac) and lack cell-specific TFBS sequence
motifs. Hence, analysis of chromatin accessibility, histone modifications, TF binding, and
underlying DNA sequence together provide a consistent and comprehensive portrait of the

mammalian regulatory landscape.

2.3 Discussion

In this chapter, | introduced key properties of enhancers and discussed methods
to map enhancers genome-wide. This information will serve as the basis for the remainder
of the dissertation. Background information on other topics, such as enhancer
conservation and algorithms for mapping conserved regulatory elements, will be provided

in the beginning of each relevant chapter.
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Chapter 3

Functional Characterization of Gene Regulatory Elements with

CRISPR

Gene regulatory elements are identifiable using biomarkers such as chromatin
accessibility, TF binding, and histone modifications. During the past two decades, millions
of putative cis-regulatory elements (CREs) across diverse human and mouse cell/tissues
have been identified through large consortium collaborations, such as the ENCODE
consortium3281:1%  CREs are highly enriched with common pathogenic variants’, and yet
biological functions of most CREs have not been characterized. For example, gene targets
for most putative enhancer elements identified with DNase-seq and TF/histone ChlIP-seq
assays are largely unknown. This critical missing piece precludes linking regulatory
mutations to disruption in gene expression and to downstream pathogenesis. However,
with recent development of CRISPR epigenome engineering techniques'®"1%2, functional
characterization of CREs has become substantially more feasible. CRISPR allows direct
and targeted perturbation of CREs, and the impact of CRISPR perturbation can be
measured at the level of both gene expression'®1% or phenotype®'%%. In this chapter, | will
first introduce background information on CRISPR and different types of CRISPR screens
for direct functional characterization of CREs (chapter 3.1). Then, | will discuss two
research collaborations, through which my collaborators and | utilized CRISPR to

functionally dissect CREs of high biological interest. The first collaboration!?! to be

[21 This work was completed with equal contribution from Drs. Steve Reily, David Yao, Josh Tycko, Lexi Bounds,
Sager Gosai, Lazaros Lataniotis and, myself, with additional contributions from many other members of the
consortium. In this dissertation, | will specifically focus on analysis | contributed, which was conducted through
close collaboration and discussion with all the main authors of the study, particularly Drs. Reilly (the cell
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discussed involves systematic comparison and quantitative analysis of diverse CRISPR
screens performed by the ENCODE consortium® (chapter 3.3.1). Next, | will discuss the
collaboration(®! with Dr. Danwei Huangfu and her team (chapter 3.3.2); we CRISPR
screened enhancers of core transcription factors that drive differentiation of embryonic
stem cells (ESC) to definitive endoderm (DE)2. Most of the results presented in this section
are adapted from the original publications of these studies®®, modified to be aligned with

the goal of the dissertation.

3.1 Introduction to CRISPR-based functional characterization of CREs

A common strategy for dissecting a complex system is to systematically perturb its
components and quantify the effect to the system. Such strategy has been difficult to utilize
in molecular biology due to technical limitation, and thus biological functions of DNA
elements could only be indirectly inferred through statistical analysis linking phenotypes
to naturally occurring genetic variants®'® or randomly induced mutations'’. The
discoveries of site-specific endonucleases'® and the inventions of gene editing tools such
as ZFN'® (zinc-finger nuclease) and TALEN"? (transcription activator-like effector
nuclease) opened up the possibility of targeted perturbation of the genome'''; however,
DNA-binding specificities of these tools are encoded in their DNA-interacting protein
domains, and manipulating the DNA-recognition domain to target a specific DNA element

in the genome is difficult. Upon its discovery, CRISPR was quickly adapted as a

coverage analysis) and Tycko (the strand-bias analysis). For a comprehensive discussion of the study, please
refer to Yao et al°.

Bl All the experiments in this study were performed by Dr. Danwei Huangfu and her lab members, with major
experimental contributions from Drs. Renhe Luo and Jielin Yan. The computational models in this study were
developed with a major contribution from my advisor, Dr. Michael Beer, with contributions from our lab
members Drs. Dustin Shigaki, Wang Xi, and myself. In this dissertation, | will limit the discussion to only
include computational analysis | contributed. For example, the CIA (CTCF interaction) model, developed
exclusively by Drs. Beer and Xi, is not discussed. For a comprehensive discussion of the study, please refer
to Luo et al.8.
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mainstream molecular tool for gene editing for this reason; the CRISPR system uses RNA,
complementary to its target DNA sequence, to guide the effector protein to the target site*’.
Due to its ease of use and versatility, CRISPR has been successfully utilized to
systematically perturb and characterize protein-coding genes'%?''213 and gene regulatory

element38,103—105,114

CRISPR-Cas, in its natural state, is a prokaryotic adaptive immune system used
against viral infection'’®. One of the early evidences of CRISPR (clustered regularly
interspaced short palindromic repeats) came from a comparative genomic analysis that
identified the CRISPR locus as a hypervariable polymorphic region unique to prokaryotes
and absent in eukaryotes and viruses''®. The CRISPR locus in prokaryotes are typically
composed of multiple palindromic repeats (around 30 bps in length) separated by spacers,
accompanied by nearby CRISPR-associated (Cas) genes''s. The number of repeats and
spacers was found to be highly variable across bacterial strains'’, where spacer
sequences are often homologous to viral sequences'®. This led to the hypothesis that
CRISPR-Cas is a bacterial adaptive immune system against viruses. The hypothesis was
soon confirmed through experiments that demonstrated that phage infection leads to
addition of new spacers derived from phage genomic sequences and that the addition or
removal of spacers leads to variable immune response against phages'®. Further,
inactivation of Cas genes led to inactivation of phase resistance, establishing Cas proteins
as the essential components for CRISPR adaptive immunity''S. Studies of the CRISPR
system across diverse prokaryotes led to discoveries of diverse versions of the CRISPR-
Cas system, with a large variety of Cas proteins with distinct functions and diverse

mechanisms of actions'0":119,

The discovery of the CRISPR-Cas system led to the development of artificial

CRISPR-Cas systems engineered for target-specific edition of mammalian genomes'?.
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The most widely used version is composed of a chimeric single guide RNA (sgRNA)'?!
and Cas9 protein, which cause double stranded breaks at target DNA loci, complementary
to the sgRNA protospacer sequence (~20 bp long) adjacent to a PAM sequence
(protospacer adjacent motif; ‘NGG’ for Cas9). In eukaryotes, double-strand breaks (DSB)
are usually repaired through nhonhomologous end joining (NHEJ), which often leads to
small insertions or deletions at CRISPR target sites. Through this mechanism, targeting
exons with Cas9 causes gene inactivation, and this strategy has been successfully
employed to screen gene functions genome-wide'%'?2, However, one disadvantage of
using Cas9 for functional characterization of DNA elements is that off-target Cas9 delivery
can cause DSB-induced cytotoxicity, confounding downstream analysis. Instead, for
functional characterization of CREs, Cas9 proteins with deactivated endonuclease
domains (dCas9) can be delivered to sterically block TF binding'?®. For higher repressive
potential, repressive epigenetic regulators, such as KRAB'* (Kriippel-associated box),
can be fused to dCas9", and this modality of CRISPR perturbation is commonly referred
to as CRISPRI. The addition of the KRAB domain to dCas9 has been shown to drastically
repress the expression of target genes'” and affect downstream phenotypes'?. This
property of CRISPRI allows direct functional characterization of CREs through targeted

repression.

CRISPRI, combined with next-generation sequencing, allows simultaneous
functional screening of hundreds of CREs through parallel epigenetic perturbation. The
first large scale CRISPR screen of CREs with CRISPRi was proposed and performed by
Gilbert and colleagues™. In the study, they generated a K562 human myeloid leukemia
cell line with stable dCas9-KRAB expression through viral transduction, and designed a
large library of sgRNAs targeting the promoter regions of 15,977 protein-coding genes (10

guides per TSS). Each sgRNA was packaged into a lentivirus, and the lentiviral sgRNA
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packages were delivered to a large population of dcas9-KRAB expressing K562 cells. The
experiment was designed so that most of the cells received one or less sgRNA genomic
insertion and that each unique sgRNA was delivered to ~4,000 cells (i.e. MOI<1, cell-
coverage=4,000). The K562 cells, expressing dcas9-KRAB and promoter-targeting
sgRNA, were grown for 10 days, followed by PCR amplification and sequencing of the
sgRNAs. sgRNAs targeting the promoter of GATA1, a known TF activator of K562
proliferation, were depleted in the sequence reads after 10 days of growth competition,
indicating that GATA1 promoter is a key CRE for cell growth. Such pooled CRISPR
strategy allows unbiased and quantitative functional assessment of CREs, by generating
diverse genetic/epigenetic variations and selecting cells based on downstream
perturbation of phenotypes. The major strength of pooled noncoding CRISPR screen is
that the experimental procedure can be flexibly modified to evaluate CREs for various
biological functions, and variations of noncoding CRISPR screen strategy have soon been
developed. For example, to identify enhancers that regulate a specific gene of interest,
cells, infected with different sgRNA targeting putative enhancers, can be selected by
expression of the gene. Fulco and colleagues combined CRISPRI with fluorescence in situ
hybridization (FISH), targeting specific RNA molecules, and flow cytometry to sort sgRNA-
infected cells based on expression of the gene (CRISPRi-FlowFISH'%4), and identified
CREs of GATA1 and HDACG6, among other genes. Similarly, Reily and colleagues used
hybridization chain reaction (HCR) FISH to amplify detection of gene expression, followed
by fluorescence-based cell sorting (CRISPRi HCR-FlowFISH'?). Lastly, sgRNA-infected
cells can also be sorted by protein expression, for example, by tagging a gene of interest
with a fluorescent protein (e.g. GFP)2'26127_ As will be discussed in subsequent sections,
the development of CRISPR-based technologies has allowed functional dissection of
CREs, which will continue to enhance our understanding of gene regulation and diseases
caused by aberrant regulation of gene expression.
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3.2 Methods

3.2.1 Identifying common sgRNA perturbations across ENCODE CRISPR screens at

GATA1 locus

The GATA1 CRISPR guide quantification files were downloaded from the
ENCODE portal (encodeproject.org), from which the sgRNA protospacer coordinates
were extracted. Hg38 coordinates were used to uniformly analyze and compare the five
CRISPR screens from various labs. For screens with hg19 coordinates, their protospacer
coordinates were first mapped to hg38 using bowtie1 with “-n --best” option. Then, the
hg38 PAM coordinates for each screen were extracted by taking the three base pairs
downstream of each protospacer, which were confirmed to contain the expected NGG
sequence. For the GATA1 locus, 250 such PAM coordinates were found to be shared
across the five screens, and these common PAM coordinates were filtered out using
sgRNA GuideScan-aggregated CFD specificity score '2¢'2° (>0.2), leading to 176

remaining PAM coordinates.

3.2.2 Computing sgRNA perturbation effect size from ENCODE guide-quantification

files.

ENCODE guide-quantification files contain a row for each unique sgRNA delivered
to the cells, each containing the number of sgRNAs integrated to the cell population. The
numbers were quantified by mapping PCR amplified sgRNA sequence reads to the sgRNA
library. For each of the CRISPR screens used in this study, there are two guide-
quantification files, one for each of the two cell populations in comparison for sgRNA

population.
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For the expression-sorting based CRISPR screens (FlowFISH, HCR-FlowFISH),
sgRNA infected cells were sorted into two populations by fluorescence, having low-
expression or high-expression of the target gene. For growth screens, there are two cell
populations: cells during the early and late time point of cell culture post sgRNA infection.
For the analysis presented in this dissertation, we used cells cultured for 21 days post
infection for the late-time-point cells and pre-infection plasmid pool of sgRNAs for the

early- time-point (equivalent to day 0 post infection).

Denoting the number of the it" sgRNAs mapped from the low-expression sorted
or the early time point cells as N, ; and denoting the number of the i** sgRNAs mapped
from the high-expression sorted or the late time point cells as Np;, SgRNA perturbation

effect size (log2FC) of the it"sgRNA can be computed as:
| 1+ Ny
0
82\ 1+ Ny,

That is, sgRNAs that lead to low expression of the target gene or lead to depletion through

growth competition were assigned with high CRISPR perturbation effect size.

Log2FC can be normalized using Z-transform or can be mean-normalized to
underweight sgRNAs with low numbers of mapped reads. The mean normalization
appears to generate more reproducible perturbation effect sizes (higher bioreplicate
Pearson correlation®), especially for the sorting screens. The mean normalization was

computed as:

23



3.2.3 Identifying exon or DHS targeting sgRNAs with significant perturbation effect

size

sgRNAs were classified as exon-targeting if their PAM coordinates overlapped with
Ensembl-annotated exons or as DHS-targeting if they overlapped with K562 DHS, where
the DHS coordinates were obtained by extending K562 DHS narrow peaks (ENCODE

accession ID: ENCFF899KXH) by 500 base pairs in both directions from their centers.

3.2.4 Sampling analysis for simulating CRISPR screens performed at various

sequencing depths

For this analysis, we used ENCODE guide quantification files (described in
Methods 3.2.2). To simulate an experiment with sequencing depth of d, we sampled with
replacement total Nxd number of reads independently from cell population A and B, where
N is the number of distinct sgRNAs in the library. For the CRISPR screens used for the
bio-replicate reproducibility and dropout analyses, reads were sampled independently for
each of the two bio-replicates (A1, A2, B1, B2). sgRNAs that had 0 mapped reads in any
one of A1, B1, A2, and B2 were excluded from the analyses. At each sequencing depth d,
100 independent bootstrap samples were generated to be used for the dropout and bio-
replicate reproducibility analyses. For the dropout simulation analysis, we defined dropout

sgRNAs as those that resulted in less than 10 sampled reads from either A or B.

3.2.5 Strand specific quantification of sgRNA effect sizes

All the HCR-FlowFISH CRISPR screens used in this analysis have specific gene
targets (CRISPRI growth screen tiling across GATA1 locus, and HCR-FlowFISH), and their
sgRNAs were unambiguously labeled as either template or coding strand targeting

sgRNAs depending on which strand their protospacers are located relative to the
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transcriptional directions of their target genes. For the GATA1 CRISPRi growth screen,
sgRNAs were filtered for GuideScan-aggregated CFD specificity score >0.2 to remove
sgRNAs with off-target growth effects. Then, we labeled each sgRNA as gene-targeting if
its PAM sequence was located between 2,000 base pairs downstream of TSS and TES.
The 2,000 spacers were used to exclude gene-body targeting sgRNAs that are TSS-
proximal and affect promoter activities. sgRNAs with PAM sequences located between
2,000 base pairs upstream of the TSS and the TSS itself were labeled promoter-targeting,
and all other sgRNAs were labeled as “outside”. Refgene annotations were used to identify
TSS and TES for each gene, and for genes with multiple isoforms, isoforms with the
highest levels of K562 Pol-Il Chip-seq signals (ENCFF914WIS, signal P values) at both
the TSS and TES were used. 3 out of 20 HCR-FlowFISH experiments were excluded for
this analysis as they had less than 5 tested protospacers located within template-strand
promoters, coding-strand promoters, template-strand gene bodies, or coding-strand gene

bodies.

3.3 Results

3.3.1 Multi-center integrated analysis of noncoding CRISPRi screens (ENCODE)

The initial drafts of the human genome revealed that only around 1% of the
genome codes protein-coding genes'3% 13" with largely unknown biological function for the
rest of the genome. Elucidating the role of the non-coding genome has been a major focus
of the ENCODE (Encyclopedia of DNA Elements) consortium3282, Qver the past two
decades, the ENCODE consortium has mapped around 1 million human and mouse
putative CREs with biomarkers associated with regulatory activities. During its last phase,

the ENCODE Functional Characterization Centers (FCC) CRISPR-screened a fraction of
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the putative CREs. Overall, 107 CRISPR screens, comprising of >540,000 perturbations
across 25 megabases of the genome, were performed by multiple FCC labs using various
pooled CRISPR screen methods'®-19%%132 As a member the ENCODE consortium, |
collaborated with the FCC labs 1) to set up the largest public repository of noncoding
CRISPR screens to date (accessible through encodeproject.org) and 2) to perform meta-
analysis of the CRISPR screen data through uniform computational pipelines. Using the
large database of CRISPR screens, we developed experimental and computational
guidelines for performing and analyzing CRISPR screens and discovered previously
unreported properties of CRISPR perturbation that will have significant implication for

designing future CRISPR screens of CREs.

Effects of common sgRNA perturbations demonstrate CRISPRIi screens are reproducible.

We analyzed diverse CRISPR screen methods applied to K562, primarily focused
on the GATA1 locus. GATA1 is a transcription factor known to promote cell proliferation,
and has three well-characterized CREs in K562 cells (GATA1 promoter and two enhancers
referred to as e-GATA1 and e-HDACG6 by Fulco et al'®), making it an ideal target for
systematic analysis of the CRISPR screens. For this locus, we analyzed and compared
five different CRISPR screens: CRISPRi FlowFISH'% CRISPRi HCR-FlowFISH'%,
CRISPRI growth screen (from two labs'%'32) and CRISPR-Cas9 growth screen'? (Figure
3.1A). Each of the CRISPR screens has two to three biological replicates. The five GATA1
CRISPR screens share 241 common perturbation targets, identifiable by downstream
PAM sequences (NGG). We filtered out low-specificity sgRNAs with GuideScan CFD
specificity scores'?'?° |ess than 0.2 to minimize confounding effects from off-target
perturbation, leading to total 176 common CRISPR perturbation shared across the five
screens (Methods 3.2.1). Effect size of each of the 176 common perturbations were
computed for each of the screens using sgRNA enrichment (log, FC; Methods 3.2.2), and
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the five screens and their biological replicates were pairwise compared using Pearson
correlation across the 176 guide effect sizes (Figure 3.1B). All the five CRISPR screen
approaches had high reproducibility, with high pairwise Pearson correlation between
replicates (n=5; Pearson Correlation; min: 0.59, max: 0.90, mean: 0.77). Overall, we
observed that CRISPR screen results were similar among experiments with shared
perturbation modalities (dCas9-KRAB vs. Cas9) despite the distinct perturbation readouts
used (growth vs. expression). Experiments using CRISPRi exhibited high correlation

among themselves (n=36; Pearson Correlation min: 0.42, max: 0.90, mean: 0.56), while
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Figure 3.1. Effects of common sgRNA perturbations demonstrate CRISPRi screens are
reproducible.

A) CRISPR perturbation signals (log2FC) at GATA1 locus B) Pairwise correlations
(Pearson) of normalized effect sizes on sgRNAs commonly shared by each method
(N=176 sgRNAs with GuideScan-aggregated CFD specificity score>0.2) in GATA1 locus;
multiple rows for the same CRISPR method show replicates. C) Percentage of exon (grey,
total N=3642, 1739, 1735 from left to right) or K562 DHS targeting guides (black, total
N=3472, 1570, 1592 from left to right) with significantly high log2FC effect sizes (Z-score
P value < 0.001)
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the CRISPRIi experiments had low correlation with the Cas9 growth screen low (n=18;
Pearson Correlation min: 0.15, max: 0.32, mean: 0.21). The difference in effect sizes
between CRISPR-Cas9 and CRISPRi screens comes from their mechanism of
perturbation. We compared the two CRISPRi growth screens with the Cas9 growth
screens, and observed that a high percentage of sgRNAs with significant perturbation
effect is enriched in exon for Cas9 while higher percentage is enriched in CREs for
CRISPRI (Figure 3.1C; Methods 3.2.3). We reasoned that Cas9 targeted at exons
effectively knocks out GATA1 through the error-prone NHEJ repair process and inhibit
K562 proliferation, while inducing heterochromatin state in GATA1 gene body with
CRISPRi has much weaker effect at repressing GATA1’s function. On the other hand,
Cas9 has weaker effect at CREs likely because inducing small indels in CREs delivers
weaker perturbation as CRE functions are often robust against indels or substitutions
(discussed in Chapter 2). These results together point to the conclusion that CRISPRI
reproducibly identifies CREs and that dCas9-KRAB is a more suitable choice of

perturbation modality than Cas9 for functional characterization of CREs.

Cell coverage and sequencing depth impact CRE detection accuracy and sgRNA dropout

Then, we sought to generate an experimental guideline for performing CRISPR screens
of CREs, through computational analysis of the CRISPR screens conducted by the
ENCODE consortium. One of the key experimental parameters for CRISPR screens is the
number of cells to which each unique sgRNAs is delivered: cell coverage. Another
important parameter is sequencing depth, and we analyzed how cell coverage and
sequencing depth affect the quality of CRISPR screens. To interrogate the effect of cell

coverage, we quantified how accurately the sgRNA perturbations can recover the three
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Figure 3.2. Cell coverage and sequencing depth impact CRE detection accuracy and
sgRNA dropout

A) Distributions of HCR-FlowFish guidewise log2FC effect sizes (total 13,732 PAMs targeted)
at various cell coverages, separately for sgRNA targets within (N=288) and outside known
GATA1 CREs (N=13,444). Asterisk denotes significant change in variance (* is p<0.01 and **
is p<2.2e-16 by Levene’s test. n.s. is p>0.2). B) Precision-recall curve for identifying GATA1
CRE-targeting sgRNAs using effect sizes from various cell coverages (AUPRC: 20x=0.44,
50x=0.77, 100x=0.81, 200x=0.82; CRISPRi HCR-FlowFish). C) sgRNA dropout rates (sgRNA
with <10 mapped reads for low- or high-expression sorting bins) for varying cell sorting depth
(20x, 50x, 100x, 200x) for CRISPRi GATA1 HCR-FlowFISH performed at 2000x sequencing
depth (n=1 replicate).D) AUPRC for identifying GATA1 CRE-targeting sgRNAs with varying
sequencing depth (bootstrap sampled) and cell coverages (20x, 50x, 100x, 200x). Dots and
error bars indicate averages and 99% confidence intervals over 10 bootstrap samples. E)
Biological replicate reproducibility (Pearson correlation of guidewise log2FC), normalized to
5000x simulated sequencing depth and F) guide dropout rate (dropout defined as <10
mapped reads) in diverse CRISPRI screens with varying sequencing depth (bootstrap
sampled). Dots show an average over 100 bootstrap samples. The GATA1 (circles) and MYC
(triangles) screens in human K562 cells were performed with varied readout methods
(colors); the GITR screen (rectangle) in mouse T-regs used protein staining followed by
sorting. Growth datasets are (1) Tycko et al. 2019 and (2) Fulco et al. 2019.
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known GATA1 CREs (GATA1 promoter, e-GATA1, e-HDACSG), at varying cell depths
(Figure 3.2A).The CREs were also identified in all of our CRISPRi screens. CRISPRI
HCR-FlowFISH was performed at cell coverages of 20x, 50x, 100x, and 200x (by Reilly
and his team) with 288 sgRNAs targeting the three validated CREs and 13,444 sgRNAs
targeting outside the three CREs. These screens were sequenced with sequencing depth
higher than 2000x to further assess the impact of sequencing depth. Referring the CRE-
targeting guides as positive and the other guides as negative sgRNAs, we computed the
effect size of GATA1 perturbation for the positive and the negative sgRNAs, and tested
whether the positive sgRNAs can be distinguished from the negative sgRNAs by effect
size (Figure 3.2A). At a low cell coverage of 20x, the effect size of both positive and
negative sgRNAs exhibited high variance as each sgRNA perturbation was applied to only
a small number of cells, leading to low statistical support for effect size. As a result, the
positive and negative sgRNAs were weakly separable by effect size, with low AUPRC of
0.44 (Figure 3.2B). With increasing cell coverage, variance of the negative sgRNA effect
size approached zero with average effect size around zero. On the other hand, variance
for the positive sgRNAs stabilized at cell coverage greater than or equal to 50x, reflecting
the biological variance of the CRE strengths and efficiency of the CRE targeting guides.
As a result, increasing cell coverage led to higher precision and sensitivity for
distinguishing positive from negative sgRNAs (AUPRC: 20x=0.44, 50x=0.77, 100x=0.81,
200x=0.82). Further, at cell coverage of 20x, many sgRNAs fail to infect any cells, with
high dropout rate (sgRNAs with less than 10 mapped reads in the expression sorting bins)
of around 12%, and this value decreases to less than 1% as cell coverage greater than
50x (Figure 3.2C). Based on this analysis, we recommended at least 100x cell coverage
for reproducible CRISPR screen design, but it should also be noted that even higher cell
coverage may be needed for different CRISPR screen methods or for screening CREs for
different genes or different types of cells.
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Next, we tested the effect of varying sequencing depth to CRISPR screen accuracy
by bootstrap sampling mapped sgRNA sequence reads, with simulated sequencing depth
ranging from x5 to x1,000 (Methods 3.2.4). We first applied the sampling analysis to the
cell coverage varying HCR-FlowFISH experiments, and found that with 250x sequencing
depth or higher, the accuracy of HCR-FlowFISH screens for GATA1 CREs is limited by
cell coverage, such that further increase in sequencing depth only marginally improves
accuracy (Figure 3.2D). We repeated the analysis in five other CRISPR screens, including

growth screens performed at GATA1 and MYC loci, finding 250x sequencing depth is a
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Figure 3.3. Representative bootstrap samples for low and high sequencing depths using
K562 GATA1 locus CRISPRI growth screen

A) Biological replicate 1 log2FC vs Biological replicate 2 log2FC (Z-score) for 30x
bootstrapped sequencing depth (9977 sgRNAs, R=0.45). B) Biological replicate 1 log2FC
vs Biological replicate 2 log2FC for 300x (R=0.73). C) Empirical cumulative distribution
function of log10 (sgRNA read counts) D) Dropout plot (rank of sgRNA read counts vs
log10 (1+read counts) at 30x (red) and 300x (blue) bootstrapped sequencing depth.
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reasonable minimum for CRE identification accuracy. We observed saturations of
biological replicate correlation of guide effects (Figure 3.2E) and of guide dropout rate
(Figure 3.2F) starting at 250x sequencing depth (biological replicate normalized log2FC
R>0.9 and average dropout rate <2% for all screens). Figure 3.3 shows representative

bootstrap samples for low (30x) and high (300x) sequencing depth.

CRISPRI effects in the gene body are strand-specific

We also discovered that dCas9-KRAB can inhibit transcription when it targets the
coding strand of a gene but not when targeting the template strand (Methods 3.2.5). We
initially observed the strand-bias effect through one of the tiling GATA1 CRISPRi growth
screens'2, Intriguingly, among sgRNAs targeting the GATA1 gene body, those mapping
to the positive strand of the reference genome had significantly higher perturbation effect
sizes than those mapping to the negative strand. As a result, CRE calls made by
CASA'% from the tiling CRISPRI data predominantly mapped to the positive strand
(Figure 3.4A). The positive and negative strands correspond to the coding and template
strands for genes with positive transcriptional direction, and we suspected that the
strand-bias effect is associated with the action of RNA polymerase. Subsequently, we
investigated CRISPRi HCR-FlowFISH screens to confirm the consistency of our
observation. We first looked into the FADS locus; it contains three homologous FADS
genes, each of which is screened for CREs with tiling CRISPRi HCR-FlowFISH (Figure
3.4B). Consistent with our hypothesis, FADS1 (negative transcriptional direction) and
FADS2 (positive transcriptional direction) each had higher CRISPRI perturbation effect
for sgRNAs targeting the negative and positive strand of the corresponding gene bodies,
implying that both growth screens and HCR-FlowFISH have coding-strand specific
CRISPRI perturbation effect (Figure 3.4C). We verified that this strand-bias effect
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Figure 3.4. CRISPRI effects in the gene body are strand-specific

A) Strand-specific CRISPRi growth screen effects tiling GATA1. CRISPRi and dCas9 tracks show
the average of two biological replicates, comparing Day 21 to plasmid (N=2,541 coding- and
2,263 template-strand targeting sgRNAs). B) Strand-specific CRISPRi HCR-FlowFish screen
effects tiling FADS1 and FADS2. CRISPRI tracks show the average of two biological replicates,
comparing high- versus low-expression bins for the target gene (N=4,609 and 4,942 sgRNAs per
strand). C) Distributions of sgRNA effects (average of 2 screen replicates) in the gene body, and
at the promoter (within 2 kb upstream of TSS), when sgRNAs are categorized by target strand, in
the (top) GATA1 CRISPRI growth screen (n=2026, 1731, 34, 27, 100, and 77 sgRNAs from left to
right boxes) and the (bottom) FADS1 HCR-FlowFish screen (n=3121, 3249, 90, 69, 520, and 702
sgRNAs). Boxes show the quartiles, with a line at the median, vertical lines extend to 1.5 times
the interquartile range, and dots show outliers. Asterisk denotes significance with P<1e-15 by T-
test. D) Strand-specificity across screens tiling 17 loci for sgRNAs targeting the gene body. Each
point is the average effect of all sgRNAs from a screen targeting that region, averaged across two
screen biological replicates, with color indicating the phenotypic readout, and shape indicating
the type of CRISPR perturbation. E) Proposed model of gene body strand bias, wherein dCas9
binding could be reduced on the template strand due to competition with Pol-ll-mediated
transcription, rendering KRAB ineffective. In contrast, when targeting the coding strand, KRAB
can be effective.
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is consistent across all the other genes that had been screened with CRISPRi HCR-
FlowFISH. For all the 17 genes, we observed a higher average effect size (log2FC Z-
score) for coding-strand targeting guides than for template-strand targeting guides by at
least two-fold (Figure 3.4D). Interestingly, this effect is specific to CRISPRi (dCas9-
KRAB); dCas9 GATA1 growth screen exhibited an opposite effect, with a higher template
strand effect size (although weak) than the coding strand in the gene body. We
hypothesized that gene body targeting dCas9-KRAB and dCas9 inhibit transcription
through two distinct mechanisms of actions. dCas9 blocks RNA polymerase (which
‘walks’ on the template strand) through steric hinderance, leading to a higher
perturbation effect when dCas9 binds to the template strand. On the other hand, dCas9-
KRAB induces a heterochromatin state in the gene body and reduces the efficiency of
the polymerase (Figure 3.4E). The effectiveness of this inhibitory mechanism by dCas9-
KRAB is higher when it targets the coding strand due to a lower collision rate with
polymerase, resulting in a higher induction of repressive heterochromatin state of the
gene body by dCas9-KRAB. This observation has an important implication for identifying
intronic enhancers with CRISPR. For example, an intronic DHS with no regulatory
interaction with the gene (containing the DHS in its gene body) can be mistakenly
identified as a CRE hit for the gene if the gene-body coding-strand perturbation effect is
not considered. To avoid such false-positive intronic CRE calls, intronic CRE hits should
be called only for putative CREs with high CRISPRi perturbation effect sizes in both the

template and coding strands.

3.3.2 Modeling regulatory dynamics of cell-state transition through noncoding

CRISPR screen

Nuclear concentration of TFs determines the genome-wide gene expression profile,

and thus precise regulation of TF expression levels is necessary for proper cell-state
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transitions and normal development of multicellular organisms. Using the cell-state
transition from human embryonic stem cells (ESC) to definitive endoderm (DE) as a model
system, we sought to elucidate regulatory dynamics involved in cell-state transitions.
Based on multiple lines of evidence, we identified the core TF regulators of the ESC (OCT4,
SOX2, NANOG) and DE (EOMES, SOX17, GATAG) cell-states. Dissecting the regulatory
process of the DE TF expression has significant medical implication, as mutations in TFs
that regulate the DE differentiation are known to disrupt the normal development of
multiple organs and cause diseases (e.g., GATA6 mutation can disrupt normal pancreatic
development and cause diabetes'®). We designed CRISPRi screen targeting putative
CREs of the core TFs. We delivered dCas9-KRAB to each of the putative CREs, and
quantified their roles as drivers of ESC to DE differentiation, by measuring the change in
DE differentiation rate for each CRE perturbations. One of the key results of the screen is
that perturbing the enhancers of DE TF weakly affects the steady-state cell-transition rate.
That is, with sufficient amount of time of DE state induction (72 hours; DE-72h), most
ESCs successfully differentiate to DE. However, if we measure the cell-transition rate at
earlier time points (36 hours; DE-h36), ESCs with DE-TF enhancer perturbations show a
decrease in the rate of cell differentiation. Hence, enhancer perturbation only leads to
time-delay in cell-state transition, suggesting that the cell-state transition can be modeled
as a bistable switch, where the ESC and DE states represent two stable points. We
developed a nonlinear kinetic equation that closely mimics the cell-transition process
revealed through the CRISPR screen. We also confirmed using Gillespie stochastic
simulation, which is considered to be more biologically realistic, that the mechanism of
cell-state transition depicted by the kinetic equation is biologically feasible. Together, we
present a generalizable strategy that combines CRISPR functional characterization and
mathematical modeling to uncover mechanisms of cell-state transition. In this section, |
will briefly describe the experiments performed by Huangfu lab, and primarily focus on
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computational modeling. For more comprehensive description, please refer to the original

publication of this study?.

CRISPRI screen reveals CREs that regulate the differentiation dynamics of ESC to DE

We CRISPRI-screened putative CREs of TFs that regulate the differentiation of
ESC to DE. Based on a previous genetic screen''®, we have selected EOMES, MIXL1,
GATAG, and SOX17 as the core DE TFs that drive the cell-state transition (Figure 3.5A).
We further confirmed using RNA-seq and ATAC-seq that the activation of these TFs
correlates with the transition of ESC to DE8. To quantify the impact of CRE perturbation to
DE differentiation, we generated an ESC line with stable dCas-KRAB expression and
GFP-tagged SOX17 gene, where SOX17-GFP expression was used as the cell marker
for DE cell-state. We designed sgRNAs that target putative CREs of the four DE TFs, three
ESC TFs (NANOG, OCT4, SOX2), and three signaling TFs (SMAD2, SMDA4, JUN) that
are important for DE differentiation. We identified distal 394 ATAC-seq peaks, active in
ESC or DE, within 4 million bps surrounding the TFs, and designed a total of 11,050
sgRNAs targeting these putative CREs. The sgRNAs were delivered to the ESCs with
lentivirus (35 million ESCs; MOI~0.3), and induced the infected ESCs to differentiate into
DE with Activin-A (TFB-B family ligand) for total 72 hours. At midpoint of the transition (36
hours), the cells were sorted with fluorescence-activated cell sorting (FACS) by SOX17-
GFP expression, we used the cells with bottom 20% (SOX17-GFP*) and top 20% (SOX17-
GFP") for sgRNA enrichment analysis. sgRNAs that integrated into the two groups of cells
were PCR-amplified and sequenced at 1000x depth, and the sgRNA sequencing reads
were mapped to the sgRNA library. Then, enrichment of each guide in the SOX17-GFP-

cells relative to the SOX17-GFP* cells was computed using guide quantities in each cell
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Figure 3.5. CRISPRI screen reveals CREs that regulate the differentiation dynamics of ESC
to DE

A) The design of core enhancer CRISPRI perturbation screening B) The scatter plot of the
CRISPRI perturbation effect size (Z-score) of reducing ESC-DE transition rate at the mid-
transition point (DE-36h). Each dot represents putative enhancers targeted in the screen.
TSS: transcription start site. C) Individual validations of the guide RNAs that target the top
20 enhancer hits in B. pro: promoter. Error bars indicate mean + s.d. Statistical analysis
was performed by two-tailed unpaired multiple comparison test with Dunnett correction.
Asterisk (*) indicates p-value<10“. D) Same as C but measured at DE-72h. E) genome-
browser view of the SOX17 locus showing ATAC-seq, H3K27ac ChlIP-seq, and DE-TF
(SOX17, GATA6, EOMES) ChlP-seq signals along with the enhancer hits identified through
our CRISPR screen.

group (log2FC), and computed the z-score of log.FC for guide effect size. Lastly, we
quantify the perturbation effect size of each CRE by calculating the average z-score of

sgRNAs that target each CREs, resulting in 29 enhancer hits that regulate DE
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differentiation (z-score: 0.75-7.14; Figure 3.5B). Most of the enhancer hits were in the DE
gene loci, ranging from 4 to 9 enhancer per gene. For validation, we further individually
tested the sgRNA perturbations targeting the top 20 enhancer hits and confirmed that the
sgRNAs lead to downregulation of the cognate gene expression and also of the
downstream SOX17-GFP signal (Figure 3.5C). Interestingly, the same perturbations had
insignificant effect at DE-72h, implying that detection of the enhancers are temporally

sensitive (Figure 3.5D).

These temporal enhancers dynamically activate after the DE-36h cell-transition
point. For example, the SOX17 enhancers we identified (highlighted in Figure 3.5E) lack
active enhancer marks prior to the DE-36h transition point (ESC and DE-24h). However,
these enhancers gain strong ATAC-seq and H3K27ac ChlP-seq signals after the DE-36h
transition point (DE-48h), and further bind with DE-TFs such as GATA6, EOMES and
SOX17 itself. Similar observations were made in other DE-TF loci. These observations
suggest that the DE-TFs drive ESC-DE cell-state transition through a cooperative

autoregulatory network, motivating our computational model described below.

Modeling cell-state transition as a bistable switch recapitulates the temporal dynamics

exhibited in the ESC-DE CRISPR screen

Based on the results of the CRISPRI screen, we modeled the dynamics of the cell-
state transition as a bistable switch, having the ESC and DE states as the two stable points.
In the original publication of the study, we constructed a continuous rate equation to model
the system for mathematical analysis of the system. Since continuous rate equations are
known to be more accurate at the high concentration limit, we also modeled the system

as a discrete dynamical system, simulated with the Gillespie algorithm, and confirmed that
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the mathematical characterization of the cell-state transition depicted by the continuous
model is also reflected in the analogous discrete dynamical system. In this dissertation, |
will take the reverse approach. | will first model the cell-transition with the discrete
stochastic model, with explicit description of individual reactions involved in transcription
(e.g., TF binding). I will use this model to run Gillespie simulation and recapitulate the
CRISPR screen result exhibiting the temporal sensitivity. Then, | will describe a continuous
kinetic equation having a similar mathematical structure with the discrete model, and use

the kinetic equation for mathematical characterization of the ESC-DE cell-state transition.

I will first construct a discrete stochastic system that shows regulatory dynamics
that recapitulates the observation in the ESC-DE model system, using the Gillespie
algorithm. The Gillespie algorithm is a simulation method that realistically captures the
stochastic fluctuation of molecules undergoing chemical reactions, especially for modeling
reactions occurring in systems composed of small number of molecules’*. To simulate a
dynamical system with N reactants ( S;,..,Sy ), the Gillespie algorithm requires
specification of the initial number of each reactant (X;(t = 0), ..., Xy (t = 0)), all possible
reactions that can occur in the system (R; ..., Ry;) and their effects to X;, and propensity of

occurrence for each reactions (a; (X, ..., Xy), ..., ay (X;, ..., Xy)). At each simulation step,

the algorithm randomly selects reaction R; with probability of ;—a’ updates X; based on the

specified effect of R;, and increments the time t to t + t, where 7 is sampled from the

exponential distribution with mean 2—1 To build the simplest possible discrete stochastic

a;
system that recapitulates the temporal effect observed in the CRISPR screen, let us first
consider a system of six types of transcription factors as illustrated in Figure 3.6A, where

the three ESC TFs (red; SOX2, NANOG, OCT4) cooperatively regulate transcription of
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one another through enhancer binding. Similarly, the DE TFs (green; SOX17, EOMES,

GATA4) cooperatively regulate one another. The ESC TFs synchronously inactivates, and

A D Effect of each reaction (+1/0/-1)
‘ ; (5;) ‘ ;» (5, R2
R3
R4
0 e RS
R6
o G R8
@ @ < v 53
E . “
* R1: Production of A:
B ay = Cpr + Cor, " Xpa

+Cet, " Xpaa + Cor, - Xpana

* R2: Degradation of A:
® ® a = cq Xy
~+ R3:Bindingof Ato E

az = cp - Xy X

+ R4: Unbinding of A from EA

ay = Cp - Xpa

+« R5: Binding of A to EA

C
as = ¢, X Xga
R3 é . R2 « R6: Unbinding of A from EAA
R4 ag = Cr, " Xpaa
o « RT7:Binding of A to EAA
R1 a; = ¢, - Xy - Xgaa

+ R8: Unbinding of A from EAAA
g = Cp, * Xpaaa
Figure 3.6. Discrete stochastic model of cell-state transition for Gillespie simulation

A) Cooperative autoregulation among ESC-TFs (red; S2: SOX2, N: NANOG, O: OCT4)
and among DE-TFs (green; S17: SOX17, E: EOMES, G: GATA4). B) simplified model of
the network under synchronous inactivation of ESC-TFs and activation of DE-TFs. The
boxed portion indicates the DE-TF network. C) Components of the discrete stochastic
model. A and E each represent TF and enhancer. R1-R4 denote some of the possible
reactions in this model (R1: TF production, R2: TF degradation, R3: TF binding to
enhancer, R4: TF unbinding from enhancer) D) Effect of each reaction to the system. For
example, R1 increases the number of A by 1. E) propensity of occurrence (a) for each
reaction. For example, the propensity of R2 (TF degradation) is proportional to the
number of the TF in the system.



the DE TFs also synchronously activate through ESC-DE transition, which allows us to
further simplify the dynamical system as illustrated in Figure 3.6B (single ESC gene,
single DE gene; cooperative binding of indistinguishable TFs). Since our CRISPR screen
focuses on the activation of DE cell-state but not on the inactivation of the ESC cell-state,
we can focus on the boxed portion of Figure 3.6B, and construct a discrete dynamical
system as depicted in Figure 3.6C. This system contains a total of 8 reactions (Figure
3.6DE), including production (R1; encompassing both the transcription and translation
processes) and degradation (R2) of the TF (labeled as A) and the sequential binding and
unbinding (R 3-8) of the TF to the enhancer (E). The production rate of the TF (reaction
R1) is the sum of the basal transcription rate (c,;) and the TF-enhanced transcription rates
(Cot1 - Xga + Cotz - Xpaa + Cors - Xpaaa), and the strong cooperativity of enhancer activity is
reflected in the fact that we chose c,;3 > cpy, Cer1, Corz- Fifty independent simulations, each
representing a single cell, were run. The initial enhancer state att=0 is given by
(Xg, Xga, Xgaa Xgaaa) = (1,0,0,0), and the initial number of TFs, X,, was sampled from a
uniform distribution. The stimulus (Activin-A for DE induction) was modeled by increasing

in the initial rate of A binding to E as follows (sigmoidal activation):

S
Cr1 < Cpp - S(t), where s(t) = 2

1 (t tmax—tmin

1 + e 200" 3 )

Unless noted otherwise, we used the following rate constants for the propensity functions:

(Cbt' Cet1,Cet2 Cet3 Cf1) Cr1, CF2, Cr2, CF3, Cr3, Cd)

= (0.04,0.04,0.04,2.4,0.1,15,0.1,15,0.1,15,0.003)

The Gillespie simulation exhibits temporal dynamics analogous to the normal or
CRISPRi-perturbed ESC-DE cell-state transition observed in our experiments. The

simulated cells behave as a bistable switch, where the cells make transition to the high
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Figure 3.7. Gillespie simulation of the discrete model recapitulates the CRISPR-perturbed
ESC-DE transition dynamics

(A,B) median #TF across 50 independent runs of Gillespie simulation A) with varying
stimulus strength (S,) and B) with varying degree of percent decrease in enhancer
strength (c¢f4)

TF-expressing state (corresponding to the DE state) when the stimulus strength passes a
certain threshold (S;~1.5; Figure 3.7A). Below the threshold, the cells remain in the low-
TF expressing state (corresponding to the ESC state) even through prolonged stimulus
input. Above the threshold, further increase in the stimulus strength increases in the speed
of cell-state transition, but the final TF level in the DE state remains constant. The
simulation also shows the effect of enhancer perturbation, which we modeled as a

reduction in TF binding rate to the enhancer (c¢f;) (Figure 3.7B). The simulation shows

that, with a perturbation strength higher than a certain threshold ( cf; < 0.04 ;

42



corresponding to more than 60% reduction), cells fail to make transition even with a strong
stimulus (S, = 7). We have shown that such high level of perturbation may be achieved
through CRISPR-Cas9-mediated deletion of multiple enhancers. Below the perturbation
threshold (cs; = 0.04; i.e. less than 60% reduction), most cells successfully make cell-
state transitions, with transition speed highly variable with the perturbation strength. The
cell transition speed is slower with higher perturbation strength, and this is analogous to
the time-delay effect in ESC-DE differentiation that we observed with CRISPRI
perturbations. At mid-point of the simulation, the transition rate is highly variable by the
perturbation strength, but at the final-point, the transition rate is indistinguishable in both

the experiment and the simulation.

For mathematical analysis of this temporal behavior, we can convert the discrete
stochastic model into a continuous deterministic rate equation, which requires the

assumption of rapid binding equilibrium between TF and enhancer. Since we set ¢fy =
Cr = ¢r3 @nd ¢y = ¢ = ¢ for the simulations, we can write the following equations

based on the binding equilibriums:
CrXaXg = ¢ Xga
Cr - Xa+Xpa = Cr - Xpaa
¢r - Xa - Xgaa = ¢ - Xpana

Which leads to

3
XEAAA XA

= 3
Xeaan + Xg (C_r) +x3
&

43



Since cei3 > Cor1, Cor (i-€. high active transcription rate at full TF binding), we can define

3
Xa

Pyctive = T to denote the fraction of active enhancers. We can generalize this

3
+X3

expression to arbitrary level of cooperativity (n) and write:

P active

In the discrete model, we modeled X,is an integer. For the continuous model, we replace
X, with a continuous variable vy that represents the degree of TF activation, which gives
us:
lpn
Pactive = (

n
cr)
L) +yn
i

Further, in the discrete model, we modeled enhancer perturbation or stimulus impact by

scaling the TF binding rate c¢;. Using the scaling factor k,

lpn
Pactive = C—n
r
(k : Cf) + lpn
knl/)n
= n
C
(&) + e
c n
Replacing (C—r) with b and k™with c:
f
c-yYm"

Poctive = btc gn
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, Where b encodes TF-enhancer interaction, and ¢ models enhancer strength tunable with

CRISPRI.

In the discrete model, the number of TF is affected with only R1 (TF production)
and R2 (TF degradation), R1 is composed of active and basal transcription, and the
propensity of R2 scales with TF level. Hence, we can write the following rate equation that

is mathematically analogous to the discrete model:

ey Pastive + €0 (1—P
dt =-r ll) €1 " Factive T €p ( active)
A
dy _ el )+3() esb
& e T bra e

y: describes time evolution of network activity
O WQ f(y) - w": autoregulatory enhancer activation

Ce — @ c: modulation of enhancer strength

d: transition inducing stimulus

TF . . —

el e,: high enhancer activated transcription
l e,: low basal transcription

Peripheral genes

B
o CRISPR inhibition strength
— o —0% (wild type)
® —40% (mild)

w |[* —60% (moderate)

di © | -70% (strong)

at o |
© Cell-state
o |ESC state transition points DE state
O‘ -
|

0.0 0.5 1.0 1.5 2.0 25 3.0

Figure 3.8. The continuous kinetic model explains the observed time-delay in ESC-DE
transition.

A) Continuous kinetic equation for modeling cell-state transition. B) Phase portrait
generated by plotting Y vs % using the kinetic equation. Each line drawn with varying

enhancer strength (c) with the specified percent reduction.
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, Where r,e;, e, are each the TF degradation rate, active transcription rate, and basal
transcription rate (Figure 3.8A). Plotting %(l[)) with (b, c, eq,e4,7,n) = (0.5,1,0.1,3,1,3)
gives the phase portrait in Figure 3.8B. The phase portrait shows three fixed points
(: %(gb) = 0), with two stable fixed points Y5 and Y,z and one unstable fixed point

(¥n)- When ¢y < 9, Y decreases towards the first stable point 5., and when y > ¢,,, Y
increases towards ;. The phase portrait shows that the modulation of enhancer
strength (c) weakly affects g5 and Yz, analogous to the observation in the CRISPR
screen where CRISPRI perturbation weakly affected the SOX17 expression level at DE-
72h. On the other hand, decreasing enhancer strength with CRISPRi has significantly
increases the value of the unstable point vy,,, requiring much higher activation 1. This
indicates that enhancer perturbation with CRISPRi can delay cell-state transition without

dramatically affecting the initial (¥5sc) and the final cell-states (Ypg).

3.4 Discussion

Targeted epigenetic perturbation with CRISPRi allows direct functional
characterization of gene regulatory elements at the levels of both gene expression and
phenotype. | collaborated with multiple ENCODE labs to set up the largest database of
CRISPR screens to date. Using the database, we demonstrated that pooled noncoding
CRISPR screens generate highly reproducible perturbation signals that are consistent
across diverse modalities of CRISPR screens (Figure 3.1). Through computational
analysis of the screens, we generated an experimental guideline for performing efficient
and reproducible noncoding CRISPR screens (Figure 3.2). Further, we discovered the
strand-bias effect of perturbing gene-bodies with CRISPRIi, which has an important

implication for detecting intronic enhancers with CRISPR screens (Figure 3.4). In
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collaboration with Dr. Huangfu and her team, we designed a CRISPR screen to identify
enhancers that drive differentiation of embryonic stem cells (ESC) to definitive endoderm
(DE), by targeting ATAC-seq peaks near the core TFs of ESC and DE (Figure 3.5).
Interestingly, perturbing DE-TF enhancers with CRISPRi only affected the cell-state
transition speed from ESC to DE but not the final cell-state, exhibiting a high SOX17
expression level post-transition. These enhancers dynamically activate through DE-TF
binding, suggesting that cooperative autoregulation among DE-TFs drive the ESC-DE
transition. Simulation modeling this behavior closely matches experimental observations
(Figure 3.6, 3.7 3.8). Together, this chapter detailed how CRISPR can be utilized to
characterize enhancer functions, which will be valuable for elucidating causal mechanisms

of diseases associated with regulatory variants.
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Chapter 4

Modeling Human and Mouse Enhancer Sequences with Machine

Learning

Enhancers are clusters of degenerate binding sites for transcription factors (TF),
and deciphering the sequence structure of enhancers is a computationally dauting task
yet indispensable for elucidating biological functions and molecular evolution of
enhancers!®. Enhancers are known to evolve rapidly, with a limited number of identifiable
ortholog between human and mouse with conserved regulatory activities. The sequence
and functional flexibilities of enhancers are the likely causes of high enhancer turnover
rates, but the observed turnover rate may also be inflated by limitations in current
computational methods used for mapping orthologous enhancers. To comprehensively
profile enhancer evolution and identify causes of the apparent lack of enhancer
conservation, we obtained 45 pairs of orthologous human and mouse cell/tissues with
matched gene regulatory profiles from more than 1,000 ENCODE DNase-seq experiments
across diverse human and mouse biosamples. The similarities in regulatory profiles
between human and mouse samples were quantified by comparing their enhancer
sequence models derived using gkm-SVM, a sequence-based machine learning model.
This strategy of matching human and mouse cell/tissues was motivated by past
observations that TF functions are well-conserved across animals and that enhancers are

bound by TFs with cell-specific expressions.

[l Most of the contents in this chapter (Figure 4.4-4.9) are adapted from the original gkm-align manuscript'°.
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In this chapter, | will first provide a brief overview of gkm-SVM. | will provide its
mathematical foundation and introduce gapped-kmers, a sequence feature utilized by
both gkm-SVM and the novel gkm-align genome alignment algorithm (chapter 7). Then, |
will show how enhancer sequence features can be extracted from enhancer-trained gkm-
SVM. These features are encoded in kmer weights, where kmers with high weights
represent enhancer TF binding motifs. For simplicity, | will call these kmers as enhancer
regulatory vocabularies. Using simulated synthetic enhancers, | will demonstrate that gkm-
SVM regulatory vocabularies encode TF binding motifs (or more generally, prevalent DNA
sequence patterns in the training set) and show how they can be used to compare
enhancer models obtained from different cell-types. Lastly, | will use this principle to
compare diverse human and mouse cell/tissues by their enhancer and promoter sequence
models, and demonstrate that enhancer regulatory vocabularies are well-conserved
between human and mouse in a cell-specific manner'®. The 45 cell/tissue pairs derived in
this chapter will be used to comprehensively quantify enhancer evolution (Chapter 5) and
to evaluate the novel gkm-align algorithm against conventional genome-alignment

methods (Chapter 6).

4.1 Introduction to enhancer sequence modeling with gkm-SVM

Gkm-SVM is a SVM (support vector machine) based machine learning method that
computes an optimal hyperplane that maximally separates positive (e.g., brain enhancers)
and negative training sequences (e.g., random genomic sequences) by their gapped-kmer
compositions. The resulting sequence model encodes gapped-kmers that can be linearly
combined to predict regulatory elements. In this section, | will introduce SVM and gapped-

kmers, and combine the two to derive gkm-SVM. Mathematical details given in this section
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will also be used in chapter 7. For more technical detail and its algorithmic variations,

please refer to the original gkm-SVM paper?>135,
4.1.1 Support Vector Machine (SVM)

| will first give a brief overview of SVM (support vector machine)'. Suppose we
are given N number of m-dimensional vectors, x;, each of which are labeled as either
positive or negative. This information can be represented as (x;,y,), ..., (xy, Yn), Where
y; = 1if x; is a positive or y; = —1 if x; is a negative vector. SVM involves finding w and b
such thatw-x; —p>1ify,=1landw-x;—p<-1ify; =-1 (ie., yy(w-x; —p) = 1).
Geometrically, this problem is equivalent to finding a hyperplane that separates the
positive and negative vectors with a margin. We can define a hyperplane as a set of all x;

such that w - x; — p = 0, where w is a vector perpendicular to the hyperplane and p is a
scalar that translates the hyperplane along the direction of w by ”V'V;”. Let H = {x;:w-x; —
p = 0} be a hyperplane that places the positive vectors on one side and the negative
vectors on the other side. The goal of SVM is to find the optimal hyperplane A that robustly

separates the positive and negative vectors with maximal margin. Here, we define margin

as the distance between the following two hyperplanes, H,) = {x;: w - x; — p = 1} and
Hey = {x;:w-x; — p = —1}, which are parallel to H and symmetrically positioned around

H. With a hard margin, the positive vectors will have w - x; — p > 1 and the negative
vectors will have w - x; — p < —1, geometrically placing the positive and negative vectors

on the two opposing sides of H(,) and H_,. Denoting the margin as c, the orthogonal
distance between H,, and H_, is computed with x(,) — x(-) = ¢, where x(; and x(_)
are each vectors in H,y and H_y. Sincew - xy =1+ pandw-x_y=—-1+p,

w-w
W‘(x(+)—x(—))=cm
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w-w
-2=c

lwll

2

- C = —
lwll

Hence, maximizing the margin c is equivalent to minimizing ||lw|| = vw - w. Applying the
constraint that the positive and negative vectors must be separable by the margin, we

obtain the following optimization problem.
argmin,, ,|lwll*> s.t. y;(w-x;—p) =1

But in practice, a hyperplane that perfectly separates enhancers and non-enhancers does
not exist. The soft-margin strategy transforms the constraint into a penalty, and the

optimization problem converts to:

N
1
argmin,, , Allwl|* + Nz max(0,1 —y;(w-x; —p)), A>0

i=1

A (inversely related to C in the LIBSVM package'®) is a hyperparameter of SVM, and
increasing A (or decreasing C) leads to higher relaxation of the constraint. Solving the

above optimization problem leads to the following solution:
W = NIl ayix;
pP=W-x; =Y

where x;s with a; # 0 are defined as support vectors. Then, SVM prediction for an input

vector x is be computed as:
N
§=0 x—p= amCu-x) - p
i=1

(Eq. 4.1)
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4.1.2 Modeling enhancers using gapped-kmers

In this section, | provide a list of definitions and annotations related to gapped-
kmers. The final goal of this section is to precisely define how two genomic sequences
can be compared by their gapped-kmer compositions. The gapped-kmer based sequence
similarity metric is at the core of both gkm-SVM and the novel gkm-align algorithm, which

will be discussed in chapter 6 and 7.
Kmers and gapped-kmers are defined as follows:

o Definition: a kmer(k) is a length-k sequence of {4,C, G, T}
e Definition: a gapped-kmer(l,k) is a length-l sequence of {4,C,G,T,—} with k

number of elements from {4, C, G, T}.

In other words, a gapped-kmer is a kmer with a fixed number of gaps (-). Gaps are wildcard

characters. Denoting a gapped-kmer(l,k) as s, and a kmer(l) as sy,

o Definition: s, is contained (€) in sy if (s,[i] = s[i]) or s,i] is a gap (-) for all 1 <

i <l s, is contained (€) in sequence S if s, is a subsequence of S.
In other words, a gapped-kmer is said to be contained in a kmer if they are equal at all
base pairs except at positions where there is a gap in the gapped-kmer. Using this

definition, we can count the number of a specific gapped-kmer contained in a sequence

(ngE s) by counting the number kmers (s;), contained in the sequence (S), that contain

the gapped-kmer (s, ). That is:

nges = z 1Sk(sg)'

SKES

where
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1if sq € si

1Sk(sg) - {0 if Sg & s,
Finally, let us define g(S), a vector that encodes the number of gapped-kmers(l,k)
contained in S, for each of the ()4* possible gapped-kmers. g(S) is a vector of size (})4*,
where the i" element of g(S) encodes the number of the i" gapped-kmer in alphabetical

order. That is,

N,
Sg, €S

g(S) = ngles

I will call g(S) a gapped-kmer vector of S. Lastly, we can compute the similarity between

sequence S;and S, by comparing their gapped-kmer vectors with cosine similarity:

g(S1) - g(S2)
g SOl - [lg(S)l

G(Sli SZ) =
(Eq. 4.2)

4.1.3 gkm-SVM: support vector machine based on gapped-kmer sequence

features

Recall from the previous section that making SVM prediction on an input vector x

involves computing the inner products between x and the support vectors.

N

y+p =Zaiyi(xi ©X)

i=1

In gkm-SVM, x = ”ﬁg”, a normalized gapped-kmer vector of a sequence. Then, SVM

prediction for an input sequence S is computed as
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g gy
Yig®I TgGll

N
S +p=) a

i=1

N

= Z a;y;G(S,S;)
i=1

(Eq. 4.3)

Hence, making enhancer predictions with gkm-SVM involves computing pairwise
sequence similarities G(S1,S,), which can be computed without counting the gapped-
kmers to derive g(S) as | show below. First, note that gapped-kmers in sequence S can
be counted by summing up the number of gapped-kmers contained in kmers that are
contained in S:

9 =) gl

SKES
(Eq. 4.4)

Denoting a length-l subsequence of S starting at the i position as S(i, ),

IS|=1+1
9= g = ) g6
SKES i=1
Then,
[S1]=-1+1 [Sq]-1+1
969D = D g(san) || D a(s:6D)
i=1 i=1

[S1]=14+1Sz|-1+1

- Z z 9(5:, D) - 9(S2G, D)
=1 =1

Recall that S(i, 1) is a length-k kmer and g() counts the number of length-I gapped-kmers

with k non-gap characters. There can only be one or no gapped-kmer contained in a kmer
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of same length, and therefore g (S, (i, 1)) is a binary vector, and thus g(S;(;,D)) - g(S2(, 1)
counts the total unique gapped-kmers commonly contained in the two subsequences. This
can be computed by calculating the number of ways that non-wildcard characters (A,C,G,T)
can be placed at positions along the kmers with matching characters. For example, if s, =
AAAAAAAAAA and s, = AAATAGAAAA, the two kmers are mismatching at position 4 and
6, and only the gapped-kmers that have gaps at position 4 and 6 can fit in both kmers. For
counting gapped-kmer(lI=10,k=6), there are 4 wildcard characters out of 10. Two of the
wildcard characters must be placed at the two mismatched positions, and the number of

ways the remaining two wildcard characters can be placed at the eight matched positions

#matched #matched

: _ _ (1-(#mismatch)
IS ((#wildcard)—(#mismatch)) - ((#matched)—((#wildcard)—(#mismatch))) - ( ) ’

l—-(#wildcard)
where k =1 — (#wildcard). Denoting the number of base pair mismatches as m, we

obtain:

l—m
-k =
g(skl)-g<skz>={( k ) m
0 JA—k<m

Then,

[S1]=14+1[Sz]|-1+1

969D = D > g(si@D)-g(5:0.D)
i=1 j=1
[S1l=1+1]S;|-1+1 —m..
) 1z 2z (l kmu)’l — k> my;
i=1 j=1 0 ,l—k<ml-j

(Eq. 4.5)

m;; denotes the number of mismatched base pairs between 9(51G. D) - g(S2(G, D). This

equation for computing the inner product of gapped-kmer vectors is then used to compute

the cosine similarity (Eq. 4.2). Gkm-SVM? efficiently computes the mismatch profile using
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a kmer tree structure. Gkm-align'® (chapter 7) computes the mismatch profile using SIMD

parallel computation, which is more efficient for its algorithmic structure.
4.1.4 gkm-SVM regulatory vocabulary

After training gkm-SVM on enhancer sequences, we can extract sequence
patterns that are enriched in enhancers relative to the random genomic sequences used
as negative training sets. The enhancer sequence patterns are extracted in the form of a
list of weighted kmer sequences for all possible length-l kmers. Ignoring the constant

p term, the kmer weights are computed by making SVM predictions on each kmers:

We, = (5 +P = ) ayiGlspS),  usingeq.43

(Eq. 4.6)

Now | show that the weighted kmers contain all necessary and sufficient information to

make SVM enhancer prediction and also make predictions for variant impacts?.

9(5) - 9(S) |
yS)+p= Z R APSTIEIE using eq. 43

= ia- . (Zsies 9(si)) - 9(S)

, using eq.4.4
g Mgl ged

Z Z g(sk) - g(Sp)
Py i MgSHl

N
_ llgGll 90 g(S)
g ZSZ‘” 9GNSl

_||g(sk>||zi S GS)
g Lo 457
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llgGol

= Ws,, using eq.4.6
oI &
l
()
= W, using eq.4.5
\/(ISI — 1+ 1)%(})sxes
_ 1 Z
TIST—1+1 L
SKES
(Eq. 4.7)
Since |s|—11+1 equals the number of length-I kmers contained in S, gkm-SVM prediction can

equivalently be computed as the average weights of kmers contained in the input
sequence S, which is considerably faster than computing G (S, S;) for every support vector
S; for each SVM predictions. This allows enhancer prediction and also prediction of
regulatory variant impact with kmer weights, as done in the original delta-SVM paper®.
Denoting Sy as a DNA sequence upon mutagenesis in the initial sequence S;, the

regulatory impact of the variant is computed as:

89 =9(S5) =9 [ Y we = Y wy,

SKESF SKES;

(Eq. 4.8)

For a single nucleotide substitution of S;at the p*"character, only the kmers that overlap
with the pt"character contribute to the differences in the kmer weight sums, and all the

other flanking kmer weights cancel out.
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A kmer weight threshold can be arbitrarily chosen to decide which kmers are
significantly enriched in enhancers and call them significant. But it should also be noted
that kmers have a spectrum predictive power, with kmers encoding consensus TF binding
motif having the highest weights while kmers encoding degenerate TF binding motifs
having relatively lower kmer weights. Therefore, even though | will use the term regulatory
vocabulary for convenience, the full range of kmers need to be considered for a complete
modeling of enhancer sequences. | refer to the full kmer-weight from gkm-SVM training
as regulatory vocabulary. Later in this chapter, | will quantify the similarity of enhancer
regulatory vocabulary between two cell/tissues by comparing their full kmer weight

distributions, for example, with Pearson correlation.

4.2 Methods
4.2.1 Nucleotide entropy in simulated enhancers

Nucleotide frequency for each base pair positions is first computed for a given set of
simulated enhancers with matching TFBS positions. For the i" sequence position,

nucleotide entropy as computed as

Si== Y PI(Em),
ne{A,C,G,T}

where P;(n) is the frequency that the i nucleotide equals n € {4, C, G, T}.
4.2.2 delta-SVM

Delta-SVM score quantifies the change in gkm-SVM prediction upon a change in

sequence. Delta-SVM for a single nucleotide variation (SNV) is computed with Equation
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4.8. The delta-SVM scores for all the three possible nucleotide changes are averaged to

make delta-SVM binding site prediction, and | will call this mean delta-SVM score.

4.2.3 Annotating kmers by TF binding motifs

Each kmer was quantified for sequence relevance for each of the five TF-binding
PWNMs used for the simulation (SOX17, EOMES, GATA6, SMAD4, TCF4). The likelihood
of observing each kmer under a given TF-binding PWM was computed, across the full
length of each kmer, using uniform distribution for PWM positions not overlapping with a
kmer nucleotide. | used the maximum kmer likelihood, among the PWM positions, to

quantify sequence association of each kmer to each of the TFs.

4.2.4 Generating enhancer and promoter sets from DNase-seq data and gkm-SVM

training

For all the ENCODE DNase-seq data used, DNase-seq filtered alignment bam files

were downloaded from the ENCODE portal https://www.encodeproject.org/. For the

primate fibroblast DNase-seq data, primate fibroblast DNase-seq raw fastq files (under
GEO accession GSE129034) were downloaded from (Edsall 2019)™® and mapped to
chimpanzee (panTro6), gorilla (gorGor5), orangutan (ponAbe3), and rhesus (rheMac8)
genomes using bowtie2®” (-L 20). DHS peaks were called by running MACS28 on bams
from combined replicates using default parameters but more stringent p-value (-p 1e-9).

300 bp peaks were generated by extending +/- 150bp from MACS2 summits.

Promoter sets were generated by selecting all peaks within 2kb of any annotated TSS.
Remaining distal cell specific peaks were further filtered by removing all peaks called in
more than 30% of ENCODE DHS samples (hg38ubig30.bed and mm10ubig30.bed). This

definition of promoters and enhancers was used to train the promoter and enhancer gkm-
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SVM models that are publicly available on the ENCODE portal (Supplementary Table 2-
3 for ENCODE accession IDs). All the supplementary tables are accessible through

beerlab.org/gkmalign/. To define primate enhancers, coordinates in hg38ubiq30.bed were

mapped to the respective primate genomes by LiftOver. For all the analysis in the gkm-
align manuscript'® (chapter 4-5), more stringent definition was used for defining promoter

elements to filter out proximal DHSs that are accessible in less than 30% of DHS samples.

For gkm-SVM model generation, gkm-SVM models were trained on top 10,000
300bp enhancers or top 10,000 300bp promoter peaks (with highest DNase-seq MACS2
peak score)vs GC and repeat matched random sequence following (Beer Shigaki Huangfu

2020; Ghandi 2014; Lee 2015)*2324 using default parameters (-1 11 -k 7).

To generate gkm-SVM kmer-weight vectors, A fasta file containing all 11-mers was
generated using nrkmers.py from the Isgkm software package (v0.1.1) package'®. Kmer
weight vector for each 1,270 human and 153 mouse gkm-SVM enhancer models were
generated using the Isgkm package’s gkmpredict on the 11-mer fasta file using respective

gkm-SVM models.

4.2.5 Visualization of epigenetic signals at DHSs

We used deepTools’'s computeMatrix (v3.5.1)"° to compute average epigenetic
signals across all DHS for each -1000 to 1000 base pair positions (resolution: 10) relative

to DHS center using the following command:

computeMatrix reference-point -S example.bigWig -R example.bed -a 1000 -b 1000 --

referencePoint center -bs 10 -0 example.tab.gz

ENCODE ChlIP-seq and DNase-seq bigwig files used for this analysis (Figure 4.5.B,

Figure 4.6) are listed in Supplementary Table 1.
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4.2.6 Interspecies cis-regulatory element prediction

Top 10,000 elements for each DHS class (enhancer, promoter) in human and mouse
were used as positive set, and randomly sampled 300bp genomic loci with matched GC-
content and repeat annotations were used as negative set. Gkm-SVM model trained in
one species was used to make prediction for elements in each positive and negative set

in the other species. AUROCs were computed from these interspecies prediction values.

4.2.7 Generation of 45 human-mouse cell/tissue pairs

For each human sample (N = 1,270; Supplementary Table 2), we identified its best
matching mouse sample (N = 153; Supplementary Table 3) by finding mouse sample
with the highest gkm-SVM kmer weight Pearson correlation. The best matching human
sample for each mouse sample was identified similarly. The 45 human-mouse cell/tissue
pairs were derived as those human and mouse samples that reciprocally mapped to each
other by top matched kmer weights (Supplementary table 4). All the supplementary

tables are accessible through beerlab.org/gkmalign/.

4.3 Extracting simulated regulatory vocabularies from synthetic enhancers

In this section, | will demonstrate how gkm-SVM extracts enhancer regulatory
vocabularies. | will use gkm-SVM to extract simulated regulatory vocabularies from
synthetic enhancers, which are generated by seeding TF motifs using position weight
matrices (PWM). This exercise, together with past experimental validations®2¢* of gkm-
SVM regulatory vocabularies, will justify the usage of gkm-SVM for quantifying regulatory

conservation between human and mouse in the next section.
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| simulated synthetic enhancers by seeding TFBS to random genomic sequences
(Figure 4.1A). | chose five transcription factors active in definite endoderm?* (SOX17,
EOMES, GATA6, SMAD4, TCF4), and used publicly available information on the TFs’ DNA
binding preferences, encoded in PWMs™°. For each of the five TFs, | used its PWM to
sample its binding sequences (length 9-12 base pairs). | sampled 10 different types of
enhancers by choosing three out of the five TFs and separating their DNA-binding
sequence samples (PWM) by 5 bp-long spacers. 1,000 TFBS combinations were
generated for each of the 10 enhancer types, and these sequences were seeded to the
centers of 10,000 randomly sampled 300 base pair wide human genomic sequences (i.e.
base pairs replaced at TF binding positions but not at spacers or the flanking sequences).
This leads to 10,000 sequences of 300bp-long enhancers, with 10 different cis-regulatory

modules seeded at their centers (Figure 4.1A). For comparison, | also built a simpler set

B
A background Gata6 Sox17 background Gata6 Sox17
TF TF
. Eomes . Smad4 . Tcf4 Eomes Smad4 Tcf4

300 1 10.0
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Figure 4.1. gkm-SVM regulatory vocabulary encodes sequence patterns enriched in
the positive training sequence set.

A) Visualizing 10 classes of synthetic enhancers with various combinations of seeded
PWM TF motifs. Total 10,000 enhancers (x-axis) of width 300bp (y-axis) were simulated.
Each base pair position is colored by seeded PWM TF motif. B) Mean delta-SVM
(averaged across all possible nucleotide variations) for all 10,000 x 300 positions in the
synthetic enhancers, grouped by seeded PWM TF motif as visualized in A.
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of enhancers by choosing two TFs out from SOX17, EOMES, GATAG, leading to three

enhancer types with 3,333 sequences each (Figure 4.3A)

To demonstrate that gkm-SVM regulatory vocabularies recover the seeded TF
binding patterns, | trained gkm-SVM on these 10,000 synthetic enhancers with diverse
TFBS patterns (Figure 4.1A) against another set of 10,000 randomly sampled genomic
sequences. Then, | extracted the regulatory vocabularies of the simulated enhancers (Eq.
4.7), and used them to make TF binding site prediction (Eq. 4.8) along the simulated

enhancer sequences. | computed nucleotide entropy for each of the 10 enhancer types,
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Figure 4.2. delta-SVM prediction score encodes sequence degeneracy within TFBS

Nucleotide entropy (computed across 1,000 simulated sequences) and average mean
delta-SVM (N=1,000) for each base pair positions for AB) type 1 enhancer (SOX17-
EOMES-GATAG6) and CD) type 10 enhancer (GATA6-SMAD4-TCF4). BD) plotting
nucleotide entropy vs mean delta-SVM in A and C for motif-seeded regions.
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and computed mean delta-SVM scores for each enhancer (Methods 4.2.1, 4.2.2). Figure
4.1B shows that the mean delta-SVM scores, averaged within types, recover the base
pairs where each TF-binding motifs were seeded, while delta-SVM scores at base pairs
with no motif seeding (i.e. genomic background) are small and centered around zero.
Hence, the simulation shows that gkm-SVM kmer-weights can encode sequence patterns

specific to the seeded motifs.

Further, kmer-weights encode sequence degeneracy within TFBS (Figure 4.2).
For each of the 10 enhancer types, | computed nucleotide entropy at each base pair
position, and compared the nucleotide entropy with average delta-SVM predictions.
Sequence degeneracy within a motif site was quantified with nucleotide entropy, and the
nucleotide entropy showed high correlation with average delta-SVM scores. Figure 4.2AB
and Figure 4.2CD each shows the result for the type 1 enhancer (SOX17-EOMES-GATAG)

and the type 10 enhancer (GATA6, SMAD4, TCF4).
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Figure 4.3. gkm-SVM kmer-weights capture differential motif enrichment in distinct

enhancer sets.

A) Visualizing 3 classes of synthetic enhancers by seeded PWM TF motifs. Total 10,000
enhancers (x-axis) of width 300bp (y-axis) were simulated. Each base pair position is
colored by seeded PWM TF motif. B) plotting kmer-weights of two gkm-SVM models
trained on the enhancer set visualized in Figure 4.1A or 4.3A. Kmers with significant
sequence association with a TF PWM are colored accordingly.
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Lastly, kmer-weights encode sequence patterns enriched in positive training
set relative to the background negative set, and the weights can be compared to
identify cell-specific core TF regulators. Let C; and C, be two hypothetical cell
types, where C; and C, respectively has the synthetic sequences described in Figure
41A and Figure 4.3A as their cis-regulatory modules. By design, the enhancer
sequences of C;have binding sites for SOX17, EOMES, GATA6, SMAD4 and TCF4, but
C, lacks binding sites for SMAD4 and TCF4. This difference in seeded TFBS distributions
in C; and C,are reflected in the comparison of their kmer-weights (Figure 4.3B). Kmers
associated with the three common TFs (SOX17, EOMES, GATAG6) have high weights in
both kmer-weights, while kmers associated with C;-specific TFs (SMAD4, TCF4) have

high weights only in C; (Methods 4.2.3).

4.4 Modeling human and mouse enhancers with gkm-SVM

We generated sequence models of enhancer sequences of diverse human and
mouse cell/tissues to identify regulatory vocabularies that drive cell-specific enhancer
activities. Majority of the models were generated using DNase-seq data generated by
various ENCODE consortium labs3297.100.141 'gnd these models are publicly accessible
through the ENCODE portal. In this section, | explain how we generated the gkm-SVM
models and used the models to quantify regulatory conservation between human and

mouse. This section is adapted from the gkm-align manuscript™ 5,

Enhancers are distal to transcription start sites (TSS) and harbor binding sites for

transcription factors (TF). The cell-specific expression of these TFs leads to cell-specific

131 All the supplementary tables and other relevant information are accessible through beerlab.org/gkmalign/.
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enhancer chromatin accessibility and transcriptional regulation. Over the past decades,
the ENCODE consortium has generated thousands of DNase-seq
experiments®’:100.141.142 across diverse human and mouse cell/tissues, and this
comprehensive library of experiments has allowed us to robustly and systematically
identify enhancer elements. Chromatin accessible peaks broadly fall into enhancer and
promoter classes, which have different sequence features and conservation properties.
To robustly define these classes, we use two genomic features: distance to the nearest
TSS, and the cell-specificity of DNase | hypersensitivity (Figure 4.4A). We quantified the

cell-specificity of a DNase | hypersensitive site (DHS) as the fraction of all biosamples in
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Figure 4.4. Defining enhancers as cell-specific distal DHS

A) Classifying DHSs by cell-specificity and TSS distance. B) B-lymphocyte DHSs (N = 55,715)
distance to nearest TSS and cell-specificity across 1,270 biosamples. C) Classification of B-
lymphocyte DHSs by their distances to nearest TSS (proximal: < 2kb, distal: > 2kb) and cell-
specificity (cell-specific: DHS in less than 30% of all biosamples, constitutive: otherwise);
average epigenetic signals around DHS peak centers by DHS class. Signals normalized as
fold-change over genomic average.
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the ENCODE database in which the DHS is inaccessible (Nhuman=1,270; Nmouse=
153). To discretize these classes, we classified all DHSs farther than 2 kilobases from
the nearest TSS as distal (if not, proximal) and DHSs with cell-specificity higher than 0.7

as cell-specific (if not, constitutive) (Figure 4.4B). This partitions DHSs into four classes: distal

cell-specific, proximal constitutive, distal constitutive, and proximal cell-specific DHSs (Methods
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Figure 4.5. Epigenetic profiles of DHS subclasses across diverse human cell/tissues

Top to bottom row: ESC/adult heart/adult liver/ neural progenitor. Classification of DHSs
from diverse cell/tissues by their distances to nearest TSS (proximal: < 2kb; distal: > 2kb)
and cell-specificities of chromatin accessibilities (cell-specific: DHS in less than 30% of all
biosamples; constitutive: otherwise) and visualization of average epigenetic signals around
DHS peak centers by DHS class. Signals normalized as fold-change over genomic
average.
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We observed distinct biochemical signatures in these four element classes. Distal
cell-specific DHSs show strong markers of enhancer activity such as ChlP-seq signal for
H3K4me1 and lack markers of promoter activity (POLR2A, H3K4me3) (Figure 4.4C,
Figure 4.5) (Methods 4.2.5; ENCODE experiment file IDs listed in Supplementary
Table 1). By contrast, proximal constitutive DHSs have the highest level of chromatin
accessibility among the four classes and display clear signatures of promoter activity
(POLR2A, H3K4me3) and depletion of enhancer marks (H3K4me1). These classification
criteria allowed us to robustly define enhancer elements without the need for diverse
histone ChIP-seq experiments, which are currently unavailable for many biosamples
assayed with the DNase-seq experiments. Further, many distal constitutive DHSs
appear to be CTCF binding sites (a known regulator of chromatin topological
organization), and proximal cell-specific DHSs show mixed signatures of enhancers and
promoters, which emphasizes the utility of the two criteria (TSS distance; cell-specificity
of chromatin accessibility) for precisely defining enhancer elements. For the rest of the
dissertation, | will refer to distal cell-specific DHSs as enhancers and proximal

constitutive DHSs as promoters.

Enhancer regulatory vocabularies, obtained through gkm-SVM training on
enhancers, are cell-specific. Gkm-SVM is a sequence-based machine learning method
that learns to effectively distinguish enhancers from inactive genomic elements by
learning the weighted combination of gapped-kmers that predicts enhancers?. Gkm-
SVM training assigns higher weights to gapped-kmers enriched in enhancers, and this
information can be mapped to kmer weights, where kmers comprised of predictive
gapped-kmers — or enhancer vocabularies — are assigned higher weights. The biological
relevance of enhancer regulatory vocabularies has been demonstrated by their utility in

predicting functional impacts of enhancer sequence variants®#283047_ Al human and
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Supplementary Table 2,3
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Figure 4.6. Accessing gkm-SVM models through the ENCODE portal

All the gkm-SVM models used in this study are publicly accessible through the ENCODE
portal (encodeproject.org). A) These models can be individually searched using gkm-SVM
model aliases, model IDs, or experiment IDs listed in Supplementary Table 2 (human) and
Supplementary Table 3 (mouse). B) The full catalogue of gkm-SVM models that we made
public (including those not used in this study such as ATAC-seq or ChlP-seq models) can be
accessed through the “Computational and integrative products” icon in the main ENCODE
webpage. C) gkm-SVM “Annotation file” for each DNase-seq experiment contains four files:
1. enhancer prediction model (trained using distal cell-specific DHS) 2. enhancer kmer
weights 3. promoter prediction model (trained using proximal DHS) and 4. promoter kmer

weights.
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mouse gkm-SVM models used in this study are publicly available in the ENCODE portal
(encodeproject.org), and their aliases and experimental inputs are listed in
Supplementary Table 2-3. Figure 4.6 describes how to access the gkm-SVM models

through the portal.

Enhancer kmer-weight vectors encode DNA binding motifs of core TF regulators
that determine cell/tissue identity, leading to similarities of enhancer regulatory
vocabularies by cell/tissue types. For example, gkm-SVM models trained on human and
mouse adult brain enhancers detect the same TFBS, encoded by highly similar
enhancer regulatory vocabularies (Figure 4.7; R = 0.74). For example, one of the top
predictive kmers (CACCAGATGGC) shared between human and mouse brains is a
TFBS for neurogenic TFs NEUROG1/2 and ATOH1"0.143.144 Another predictive kmer for
both human and mouse brains (CCATGGCAACC) is bound by RFX family TFs, of which
RFX3/ RFX5/ RFX7 are highly expressed in the human brain™®, and their mutations are
linked to intellectual and behavioral abnormalities'®. On the other hand, kmers
associated with TFs highly expressed in non-neural cell/tissues, such as
AAAGAGGAAGT (SPI family; blood cell development'’) and GGACTTTGACC
(HNF4A, liver/pancreas'®), have low weights in both human and mouse brain enhancer
models. Cell/tissues of distinct identityhave low similarity in enhancer kmer weight vector
(Figure 4.8; Rorain vs monocyte, Rspinal cord vs macrophage, Rbrain vs liver = 0.085, 0.11, 0.19). Across a
wider range of cell/tissues, biosamples of the same cell/tissue identity consistently show
high kmer-weight correlation (mean R = 0.72) while pairs of kmer-weights from distinct
cell/tissues show lower correlation (mean R = 0.31) (Figure 4.9A). By contrast, kmer-
weights obtained from promoters show low cell-specificity, having high kmer-weight

correlation for all pairs of cell/tissues (same tissue mean: 0.80; distinct tissue mean:
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0.75). This is consistent with past observations that enhancers are bound by TFs with

cell-specific expression while promoter binding TFs are relatively less cell-specific?*.

Regulatory vocabularies
of gkm-SVM brain enhancer models

CCATGGCAACC

(RFX3 binding motif) CACCAGATGGC

L (NEUROG 1/2)

AAAGAGGAAGT
(SP11)

GGACTTTGACC
(HNF4A)

gkm-SVM kmer-weight
(mouse adult brain enhancer)

Kmer-weight
Pearson Corr: 0.74

T T T

] 0 5 10

gkm-SVM kmer-weight
(human adult brain enhancer)

Figure 4.8. Enhancer regulatory vocabularies of human and mouse brains are conserved

Pairwise comparisons of kmer-weight vectors, derived from enhancers (cell-specific distal
DHS), for a pair of similar samples: human and mouse adult brain (Nkmer = 2,097,152;
Pearson Corr. = 0.74)
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Figure 4.8. Enhancer vocabularies are distinct for distinct cell/tissue types.

Comparing kmer-weights between A) monocyte & brain B) spinal cord & macrophage
C) brain & liver. Gkm-SVM models used for this figure can be identified by their model
aliases and searched in the ENCODE portal (brain = DHS 399 hg38; spinal cord =
DHS 421 hg38; monocyte = DHS 828 hg38; macrophage = DHS 482 hg38; liver =
DHS_ 1229 hg38). More detailed information about these models is given in
Supplementary Table 2.
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Comparing all human and mouse tissue pairs, we find that enhancer regulatory
vocabulary is conserved, as shown for a subset of cell/tissues in Figure 4.9B. We
trained gkm-SVM enhancer prediction models for a set of human and mouse biosamples
(brain, retina, B-cell, T-cell, intestine, stomach), and evaluated whether gkm-SVM
regulatory vocabularies trained on one species are predictive of enhancers in the other
species (i.e., train on human enhancers, predict on mouse enhancers & train on mouse,
predict on human) (Methods 4.2.6). We evaluated the similarity of human and mouse
models by calculating the average between reciprocal interspecies prediction accuracies
(AUROC). For matched cellftissues, the accuracy of interspecies enhancer prediction is
high (N = 6; mean AUROC = 0.91), while the prediction accuracy between distinct
cell/tissues is low (N = 30; mean AUROC = 0.65). On the other hand, interspecies
prediction accuracies for promoters are high for both mismatched (e.g., human brain &
mouse B-cell; N = 30; mean AUROC = 0.93) and matched cell/tissues (N = 6; mean
AUROC= 0.94). These results are consistent with past observations that expression of
core TFs'491%0 and their DNA binding affinities'! are well-conserved between human and

mouse.

Utilizing its cell-specific conservation, we used enhancer regulatory vocabulary to
identify the most similar pairs of human and mouse cell/tissues for further quantitative
assessment of conservation (Chapter 5). We generated a comprehensive list of 45
human/mouse cell/tissue pairs matched by gkm-SVM enhancer vocabularies
(Supplementary Table 4; Method 4.2.7). We will also use this set of 45 pairs of
cell/tissues to evaluate our novel genome-alignment method, gkm-align, against

conventional methods (Chapter 6).
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Figure 4.9. Similarity of enhancer vocabularies is cell-specific across diverse human and
mouse tissues

A) Pairwise comparisons of gkm-SVM kmer-weight vectors, by Pearson correlation, across
various human embryonic biosamples (Nesc = 11 Nthymus = 9, Nstomach = 15 NHeart = 19,
Nkideny = 32, NBrain = 14) trained on enhancers and promoters. B) Human-mouse
interspecies DHS prediction accuracy (AUROC) across various cell-tissues (avg. between
mouse element prediction using model trained on human elements and vice versa).

4.5 Discussion

Gene regulatory elements are composed of disordered clusters of degenerate TF
binding sites, and deciphering their sequence structures is crucial for linking regulatory
mutations to disruptions in gene expression and also to diseases. The sequence
complexity of regulatory elements poses great challenges to modeling their sequence
structures. In this chapter, | provided a detailed introduction to gkm-SVM, a SVM-based
machine learning algorithm that effectively models regulatory sequences using gapped-
kmer sequence features. Upon training on enhancer sequences, gkm-SVM learns to

predict enhancers using weighted sum of gapped-kmer composition, and this information
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can be mapped to a kmer-weight vector for more interpretable enhancer feature extraction,
which | called the enhancer regulatory vocabulary. | demonstrated using synthetic
enhancers that gkm-SVM regulatory vocabularies robustly extract the expected TF binding
motifs (Figure 4.3). | then trained gkm-SVM on human and mouse enhancers across
diverse cell/tissues, and showed that enhancer vocabularies are highly conserved
between human and mouse in a cell-specific manner (Figure 4.9). On the other hand,
promoter vocabularies are similar across distinct cell-tissues. This is consistent with
previous observations that enhancer activities are cell-specific, while promoter activities
are similar across distinct cellftissues. Lastly, | utilized the cell-specific property of
conservation in enhancer vocabularies to derive 45 pairs of human and mouse
orthologous cell/tissues. This list will be used in the next two chapters to quantify enhancer
evolution by cell-types (chapter 5) and evaluate the novel gkm-align algorithm for

mapping conserved enhancers (chapter 6).
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Chapter 5

Evolution and Conservation of Mammalian Enhancers

5.1 Introduction

Model organisms have been indispensable for understanding the functional roles
of cis-regulatory elements (CRE) in complex biological phenomena such as fetal
development and pathogenesis®. Some human CREs with putative functional roles have
been validated by dissecting the mutational impact of their conserved orthologous
counterparts in model animals?. However, identifying orthologous CREs, especially for
distal enhancers, is computationally challenging both due to their rapid evolution and
their degenerate sequence structures. Functional characterization of regulatory
elements'? and non-coding GWAS disease associated variants'318.153.15 typically
begins with mapping human enhancers to mouse with sequence alignment, which
suffers from low sensitivity, and thus the accurate identification of orthologous CREs has
long been a bottleneck in efforts to improve our understanding of CRE function.

Enhancers are DNA sequences harboring multiple transcription factor binding
sites (TFBS) and are important regulators of gene expression®. In spite of their
importance, enhancers have evolved rapidly relative to protein-coding sequences'6%"
and promoters?%141.1%8_Since DNA motifs for TFBS are often degenerate and spacing
between TFBS typically do not contribute to enhancer function, nucleotide substitutions
can accumulate more readily without significant functional changes in enhancers®, and

this flexibility likely aids regulatory evolution. Further, duplication of redundant TFBS and

6 Most of the contents in this chapter are adapted from the original gkm-align manuscript®.
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accumulation of enhancer mutations can lead to turnover of TFBS through stabilizing
selection®. This flexibility also applies on a larger scale to combinations of enhancers
within intergenic loci, as enhancer function is weakly constrained by position relative to
the target promoter, and enhancers are often accompanied by redundant shadow
enhancers that regulate the same target genes®'%6. As a result, the functional and
mechanistic properties of enhancers likely have facilitated their rapid turnover throughout
evolutionary history while maintaining DNA binding specificities of TFs'#:'%1, Our
analysis below supports this picture of rapid enhancer evolution in the context of

conserved TF binding specificity across a broad range of cell types.

Previously, several groups have observed that many putative enhancers, marked
by chromatin accessibility'*!, TF-binding'®, and/or histone modifications?° characteristic
of cis-regulatory elements (e.g., H3K27ac, H3K4me1/3), lack functional conservation at
orthologous loci of distant mammals predicted by conventional genome-alignment (e.g.,
LASTZ?"22) and mapping algorithms (e.g., LiftOver'®). This apparent lack of enhancer
conservation is largely due to rapid evolution of distal enhancers, but limitations in
conventional computational genome alignment algorithms to detect conservation can
also contribute significantly. Most conventional genome alignment algorithms utilize a
seed-and-extend strategy, where short sequence matches are first obtained as seeds
and then extended from both ends for further base pair alignment?'?2, However, such
nucleotide-level modeling of enhancer evolution may not be optimal for resolving
sequence structures of enhancers since enhancers are characterized by collections of

multiple degenerate TFBS.

In this chapter, | describe our results from systematic quantification of cell/tissue-
specific enhancer conservation, using the 45 orthologous human and mouse cell/tissues

derived in chapter 4. Through multiple orthogonal analyses, we show that conservation
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levels of enhancers depend strongly on the cell/tissue type, which is partly explainable

by association with transposable elements (TE).

5.2 Methods

5.2.1 Defining orthologous syntenic intergenic loci in human and mouse

The list of all human-mouse orthologous protein-coding gene pairs (N = 15,712) was
obtained from the mouse ENCODE consortium publication'® (Supplementary Table 5).

All the supplementary tables are accessible through beerlab.org/gkmalign/. 15,500 out of

15,712 gene pairs with their human and mouse gene ID’s also present in the Ensembl
database were used , and the remaining 212 genes were filtered out
(Homo_sapiens.GRCh38.96.chr.gtf, Mus_musculus.GRCm38.96.chr.gtf). Coordinates of
these conserved human and mouse 15,500 genes were extracted from the Ensembl gtf

files.

To identify all human-mouse syntenic intergenic loci, we first identified all
neighboring pairs of human protein-coding genes conserved in mouse. Denote such
human gene pair as HG1 and HG.. If their mouse gene orthologs, MG1and MGy, are
also neighbors in the mouse genome and if the relative transcriptional directions of [HG+
and HG;] and [MG+ and MG;] are also preserved (i.e., HG1/HG2 and MG1/MG: both have
tandem, convergent, or divergent transcriptional directions), we label [HG1/HG: ,
MG1/MG;] as human-mouse syntenic neighboring gene pairs (N = 12,455). Human
syntenic intergenic locus was defined as the union of genomic space between a pair of
human syntenic neighboring genes and their gene bodies, and mouse syntenic

intergenic locus was defined similarly. This led to 12,455 pairs of human and mouse
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genomic regions that we call “human-mouse syntenic intergenic loci” (Supplementary

Table 6).

5.2.2 Using LASTZ/LiftOver for estimating conservation rate of cis-regulatory DNA

elements

LASTZ (v1.03.66) chain files for human-mouse genome alignment were downloaded from

these links (June 2020):

https://hgdownload.soe.ucsc.edu/goldenPath/hg38/vsMm10/hg38.mm10.all.chain.gz

https://hgdownload.soe.ucsc.edu/goldenPath/mm10/vsHg38/mm10.hg38.all.chain.gz

LiftOver software was downloaded from this link (June 2020):

https://hgdownload.soe.ucsc.edu/admin/exe/linux.x86 64/liftOver

Minmatch=0.01 and -multiple options were used for high sensitivity and to allow duplicate

mappings.

Command to map human elements to mouse:

liftOver h_elems.bed hg38.mm10.all.chain.gz h_elems_mapped.bed

h_elems_not _mapped.bed -minMatch=0.01 -multiple

Command to map mouse elements to human:

liftOver m_elems.bed mm10.hg38.all.chain.gz m_elems_mapped.bed

m_elems_not_mapped.bed -minMatch=0.01 -multiple

With these settings, LASTZ/LiftOver maps a human DHS (e.g., human brain
enhancer) to 1= mouse locus, and we say it is conserved if at least one of the mouse
mapped loci overlaps (=1 bp) with a mouse DHS in the matched cell/tissue in the
matched syntenic intergenic loci. Human DHS conservation rate is defined as the
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fraction of conserved human elements, and mouse DHS conservation rate is computed

similarly. Human-mouse conservation rate is defined as the average of the two rates.

5.2.3 Sequence homology analysis for quantifying the proportions of orthologous
and paralogous enhancers

Our usage of the terms orthologous and paralogous enhancers is an estimate used to
understand these observations, and is not meant to reflect an evolutionary process.
Sequence similarity between a pair of enhancers was quantified as the similarity in
gapped-kmer composition (gkm-similarity; Eq.4.2 in chapter 4) using gkmSVM% R
software package (v0.81.0). Prior to computing gkm-similarities, we masked portions of
enhancer sequences that are predicted to be highly prevalent genome-wide to prevent
trivial sequence matches by ubiquitous sequence patterns such as the low-complexity
repeats (Figure 6.2). About 10% of enhancer sequence base pairs were masked and

replaced with random base pairs

To compute proportions of human orthologous and paralogous enhancers in each
human/mouse cell/tissue pairs (e.g., human brain and mouse brain), we obtained top
5,000 enhancers with highest DNase | signals (MACS2 peak score) and computed their
pairwise sequence similarity with all other 5,000 human enhancers and with every
mouse enhancer of the matched cell/tissue type. If the number of mouse enhancers
exceed 50,000, we used the top 50,000. Using these values, we identified top matched
human and mouse enhancers that are most similar to each of the top 5,000 human
enhancers. Sequence similarities with top matched human and mouse enhancers were
then used to classify a human enhancer as orthologous, paralogous or neither. Denoting
top sequence similarity with human enhancers and with mouse enhancers as y and x
respectively, we classified human enhancers according to the following classification

rules:
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ifx,y <b no sequence homolog

ify >ax+b(1—a) paralogous
else ify < ix +b (1 - i) orthologous
else ambiguous

, Where (a, b) = (4, 0.1). The decision regions for orthologous and paralogous enhancers
are each shaded blue and red in Figure 5.6A. Mouse enhancers were classified

similarly.

5.2.4 Annotations for repetitive DNA elements

Annotations for repetitive elements were downloaded from the following links™¢:

http://hgdownload.cse.ucsc.edu/goldenpath/hg38/database/rmsk.txt.gz

http://hgdownload.cse.ucsc.edu/goldenpath/mm10/database/rmsk.txt.qz

5.3 Results

Although enhancer vocabularies are highly conserved, mapping orthologous
enhancers conserved between distant mammals remains computationally challenging.
To assess enhancer conservation rate, we will use as a metric the fraction of predicted
enhancers in one species that is also chromatin accessible in the other species,
quantifying enhancer conservation rate between two species as the average fraction of
the two reciprocal directions (Figure 5.1A). To demonstrate the challenge of mapping
enhancers, we will first use a conventional mapping method (LASTZ/LiftOver) and
compute the conservation rate of human fibroblast enhancers and promoters using a set
of DHS data in fibroblasts from diverse mammals'®® (chimpanzee, gorilla, orangutan,
rhesus, and mouse'’, in increasing divergence from human) (Method 4.2.4; Figure
5.1A). About 40% of enhancers are mappable between human and chimpanzee, and
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this value rapidly decreases to 11% in human and mouse as evolutionary distance to
human increases (72% decrease in conservation rate; Figure 5.1A). Promoter
conservation rate also decreases from 89% between human and chimpanzee to 65%
between human and mouse but at slower rate of 27%. In contrast, regulatory
vocabularies of both enhancers and promoters as quantified by gkm-SVM are constant
across all species (Figure 5.1A); interspecies prediction accuracy (reciprocal average

AUROC) of enhancers and promoters between human and mouse (AUROC enhancer:
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Figure 5.1. Enhancer and promoter regulatory vocabularies are conserved, yet
enhancers rapidly evolve.

A) Schematic of enhancer mapping and conservation level of human fibroblast
enhancer/promoter regulatory vocabularies (gkm-SVM interspecies enhancer
prediction AUROC) and enhancer/promoter CREs (fraction of conserved enhancers
mappable by LiftOver) in chimpanzee, gorilla, orangutan, rhesus, and mouse. B)
Distribution of DNase accessibility in human fibroblast enhancers and promoters (top
10,000 in each DHS class by total DNase-seq reads mapped) and distribution of
DNase-signal at primate and mouse loci mapped from human enhancers and
promoters. Signals are normalized as fold changes from average fibroblast
enhancers and promoter accessibilities in respective species (top 10,000 in each
DHS class by DNase-seq read mapped).

81



0.86; promoter: 0.89) are as high as the prediction accuracy between human and
chimpanzee (AUROC enhancer: 0.85; promoter: 0.92). As an alternative metric, we can
count the read signal in the orthologous loci relative to average elements in that class.
This confirms the rapid reduction in enhancer conservation rate (Figure 5.1B), where we
show, for each species, distributions of DNase-signal at orthologous loci mapped from
human fibroblast enhancers and promoters. Orthologous chimpanzee loci mapped from
human enhancers and promoters respectively are on average 66% and 98% as
accessible as average chimpanzee enhancers and promoters. These signals decrease
dramatically to 21% (enhancer) and 86% (promoter) when we map human enhancers

and promoters to mouse, further underscoring the rapid evolution of enhancers.
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Figure 5.2. Enhancers are weakly conserved, and have cell-specific variation in
enhancer conservation.

A) Human-mouse enhancer (distal cell-specific DHS) and promoter (proximal
constitutive DHS) conservation rates (mappability to DHS by LASTZ/LiftOver
genome alignment/mapping algorithms in orthologous syntenic intergenic loci. Mean
of human to mouse and mouse to human mappings) across the 45 human-mouse
cell-tissue pairs (A: adult, E: embryonic); sorted by enhancer mappability B) Human-
mouse conservation rate for enhancers, promoters, and CTCF ChIP-seq peaks for
B-cell, brain, ESC, and heart.
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In the 45 pairs of human and mouse cell/tissues, we observed intriguingly high
celltissue- specific variability in enhancer conservation (Figure 5.2A). As in Figure
5.1A, we defined the conservation rate of human enhancers as the fraction of human
enhancers that map to mouse DHS of the matched cell/tissue (e.g., human brain/mouse
brain), constraining the mapping by LASTZ/LiftOver to syntenic intergenic loci (Method
5.2.1). Conservation rates of mouse enhancers were defined similarly, and human-

mouse conservation levels were defined as the average of the two reciprocal directions.
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Figure 5.3. The cell-specific pattern of enhancer conservation is consistent across a wide
range of enhancer depths.

A) same as the enhancer conservation rates shown in main figure 2A. (B,C,D) Similar to
main Figure 2A but quantifying enhancer conservation rate as the fraction of top B) 10,000,
C) 5,000, and D) 1,000 enhancers mappable to a DHS in the other species.
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Promoters showed consistently high conservation rate across the 45 tissues (mean

67%) while enhancers showed highly variable conservation rate, ranging from 6.7%

(embryonic liver) to 31% (embryonic brain) (Figure 5.2A). This cell-specific pattern of

conservation persists even when we limit our quantification to enhancers with the

highest DNase signals (Figure 5.3). Such lack of conservation is not observed in CTCF

ChlP-seq peaks, which are also often distal to TSSs (conservation rate for brain, heart,

B-cell, ESC = 82%, 79%, 72%, 76%; Figure 5.2B), suggesting that many CTCF loops

and topologically associated domains are conserved®%36+16' The strong and somewhat

counter-intuitive tissue specificity of enhancer conservation will be explored extensively

below.

Human-Mouse enhancer conservation rate

(by genome alignment)

® matched mismatched cell/tissue pair
Human emb. brain
0.34 Mouse emb. brain d
R=0.78
® L ]
Human emb. brain ® e
Mouse neural tube ye
0.2 L .
L ]
.. °
Human emb. muscle ' ®
Mouse emb. brain L '
e ©
L]
0.1 o ° e
[
L ]
®
s L J
Human adult liver
Mouse adult liver
0.0 1
0.0 0.2 0.4 0.6 0.8

Human-Mouse enhancer TFBS—-motif similarity
(by enhancer gkm—-SVM kmer-weights)

Figure 5.4. Comparing enhancer conservation and enhancer TFBS motif conservation

Human-mouse enhancer conservation rate by alignment (mappability by LASTZ/LiftOver)
vs. human-mouse enhancer regulatory vocabulary conservation rate (correlation of gkm-
SVM kmer-weights) for pairs of orthologous gkm-SVM matched tissues (e.g., human and
mouse brain; N = 45) and mismatched cell/tissues (e.g. human T-cell and mouse brain; N
=1,980) (R =.78)
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We observed low enhancer conservation rates in some tissues in spite of the fact
that their regulatory vocabulary is highly similar between human and mouse. To explore
this systematically, we computed the similarity of enhancer regulatory vocabularies
(measured as Pearson Corr. of enhancer kmer-weight vectors), for both matched and
mismatched pairs of human and mouse cell/tissue pairs (e.g., matched: human brain &
mouse brain; mismatched: human brain & mouse muscle; Nmatched =45; Nmismatched = 452-
45=1,980; Figure 5.4). Overall, conservation rates of enhancers and similarity of
enhancer regulatory vocabularies correlate highly (R = 0.78, Figure 5.4), indicating that
human and mouse cell/tissues that share similar sets of core TF regulators also tend to
share a higher number of orthologous enhancers. While enhancer regulatory
vocabularies were overall highly similar for all matched human/mouse cell/tissue pairs
(relative to the mismatched pairs), interestingly, their enhancer conservation rates varied
widely (vertical spread of black points). For example, the human/mouse adult liver pair
had almost identical similarity of enhancer regulatory vocabulary (R = 0.72) as
human/mouse embryonic brains (R = 0.71), but the adult liver enhancer conservation
rate was 9.4% (less than 1/3 of the embryonic brain), even lower than the enhancer
conservation rate between a mismatched pair of human embryonic muscle and mouse
embryonic brain (12.7%). This implies that some cell/tissues, while maintaining their core
TF regulators and their DNA binding specificities, have experienced more incidence of

enhancer turnover than other cell/tissues.

To eliminate the possibility that the highly cell/tissue specific rate of enhancer
conservation is a bias of the LASTZ/LiftOver alignment/mapping algorithms, we
performed an orthogonal analysis. Using 12,455 syntenic intergenic loci of human and
mouse derived from 15,500 orthologous protein coding genes'® (Supplementary Table

5-6), we simply counted the number of human and mouse enhancers located in each of
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the matched syntenic intergenic loci (Figure 5.5A; Method 5.2.1). We compare the
correlation between the number of human and mouse enhancers in respective syntenic
intergenic loci, which we will refer to as “syntenic enhancer number constraint,” and it
imposes an upper limit for mappability of human/mouse enhancers in the matched
syntenic loci. If the number of enhancers in syntenic intervals is not conserved, there is
no way the enhancers can be conserved at the sequence level unless they arose
through duplication. Embryonic human/mouse brain, which had the highest rate of
enhancer conservation, also showed the highest level of syntenic enhancer number
constraint (R=0.93; Figure 5.5A), while adult human/mouse liver had lower syntenic
enhancer number constraint (R=0.67), with occasionally drastically different numbers of

enhancers in matched syntenic intergenic loci. This is consistent with reports of species-
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Figure 5.5. Enhancer conservation correlates with syntenic enhancer number constraint.

A) Schematics of human-mouse syntenic intergenic loci (HE: human enhancer; ME:
mouse enhancer; HG: human gene; MG: mouse gene); Comparison of human and
mouse enhancer numbers in matched syntenic intergenic loci (N = 12,704) for embryonic
brain (syntenic enhancer number constraint R = .91) and adult liver (R = .67) B) Syntenic
enhancer number constraint vs. human-mouse enhancer conservation rate (N = 45, R

= .78; linear regression line and 95% confidence interval).
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specific rewiring of transcription in the liver'®2183 and a relatively slower rate of
transcriptomic divergence of the brain across mammals®. The lack of syntenic
enhancer number constraint appears in cell/tissues with low enhancer conservation level
(Figure 5.5B), and hints that the lower rate of conserved enhancers in some cell/tissues,

as predicted by genome alignment, is an inherent property of the regulatory landscape.

This apparent lack of syntenic enhancer number constraint is largely driven by
species-specific enhancer duplication, where cell/tissues with lower level of enhancer
conservation tend to have a higher proportion of paralogous enhancers (see Method
5.2.3). To estimate the proportion of orthologous and paralogous enhancers in each
human cell/tissue (in the context of human-mouse common ancestry), we labeled a

human enhancer as paralogous if it has high sequence homology with another human
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Figure 5.6. Cell/tissues with weak enhancer conservation are enriched with
paralogous enhancers

A) Schematic describing how orthologous and paralogous enhancers are defined (HE:
human enhancer, ME: mouse enhancer, G: gene; line indicates sequence homology);
dots represent 5,000 human enhancers w/ highest DNase signal. Gapped-kmer
sequence similarity with top matched mouse enhancers vs with top matched human
enhancers. Enhancers in red shaded region are classified as paralogous enhancers;
enhancers in blue shaded regions are classified as orthologous enhancers. B) Ratio
of orthologous to paralogous enhancers across the 45 cell/tissue pairs (avg. of human
and mouse) vs. human-mouse enhancer conservation rate (by genome alignment)
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enhancer but lacks sequence homology with any mouse enhancer, and similarly labeled
it as orthologous if it has high sequence homology with a mouse enhancer but lacks
homology with any other human enhancers (Figure 5.6A). Based on this criterion, of the
5,000 human embryonic brain enhancers with highest DNase | accessibility, 873 and
100 were identified as orthologous and paralogous enhancers (ratio: 8.73). In contrast,
adult liver had 320 and 905 orthologous and paralogous enhancers (ratio: 0.35). These
estimated ratios of orthologous to paralogous enhancers, averaged between human and
mouse, closely matched with the syntenic enhancer number constraint and with
enhancer conservation rate for the 45 cellltissue pairs (Figure 5.6B), indicating that
enhancer duplication events have been a significant contributor to the divergence in

enhancer landscapes.
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Figure 5.7. LTR transposable elements are enriched in paralogous enhancers.
Fraction of base pairs annotated as LTR transposable element for human enhancers
classified as homologous or paralogous enhancers. The dotted line indicates the
fraction of human genome annotated as LTR transposable element (0.087).

These duplication events are largely driven by transposable elements (TE). The
paralogous enhancers show significant enrichment of LTR retrotransposons across
diverse cell/tissues (Figure 5.7; Method 5.2.4), and we observed a general trend that
the cell/tissue pairs with low enhancer conservation level tend to have high enrichment

of transposable elements (Figure 5.8A — bars in the same order as Figure 5.2A; Figure

5.11A; R =-0.88). Quantifying TE enrichment as the fraction of total enhancer base pairs
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that overlap with a TE, we observed that embryonic brain enhancers, averaged between
human and mouse, had less than 10% enrichment of type | transposable elements
(LTR/LINE/SINE) while some cell/tissues, such as ESC, had TE enrichment as high as
33%. Overall, TE enrichment in enhancers appears lower than its genome-wide
coverage (>40%), with SINE elements especially depleted in enhancers of most

cell/tissues (Figure 5.8C). However, interestingly LTR elements appear to be highly
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Figure 5.8. Weak enhancer conservation is associated with transposable elements.

A) Total fraction of enhancer base pairs annotated by each class of transposable elements
(avg. of human and mouse). Fraction of human enhancer base pairs that overlap with B) LTR
C) SINE D) LINE transposable elements across the 45 cell/tissues. The bar plots also show
TE-enrichment for top 5,000 and 1,000 enhancers with highest DNase signal in each
cell/tissue pairs. The dotted lines in (A-D) indicate genome-wide coverage (0.41, 0.087,
0.13,0.21). Identical tissue orders as Fig 5.2A.

89



(E)brain_3 (E)brain_2 (E)brain_1 emb.facial.prominence (E)retina

w25 w 25 w25 w25 T 25
520 520 520 520 §20
@15 @ 15 @ 15 @15 @ 15
310 310 210 210 210
Sos "\ Sos S 505"""‘“\]""_—” Sos \ Sos{ TN
Soo 3§00 300 400 400
-10000 © 10000 2000C -10000 O 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
(E)limb_2 (E)limb_1 ESC->neuronal.stem BMMC.derived.iPSC (E)muscle
T 25 w25 w25 T 25 T 25
520 520 520 520 520
@15 @ 15 @ 15 @15 @15
810 210 210 @10 210
2”05-—--J\Vf——~—' 205 \ Sos S S5 . Sos \\
Soo Soo Soo Soo Soo
-10000 0 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
(A)heart (E)kidney (A)brain_1 (A)brain_2 (E)lung_1
T 25 T 25 T 25 T 25 T 25
520 5,20 5,20 520 520
@15 ® 15 ® 15 @15 LRE]
310 310 310 @10 $ 10
S5 Sos S Sos __f Sosl T Sos| TN
Soo Soo Soo S oo S0
-10000 © 10000 2000C -10000 O 10000 20000 -10000 O 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
astrocyte (E)lung_2 (A)muscle stromal.cell (A)lung
T 25 w25 w25 T 25 T 25
520 520 520 520 520
@ 15 @ 15 @ 15 @15 ® 15
$ 10 $ 10 $ 10 & 1.0 @ 1.0
Dos NS Sos N S Sos Sos f Zos
Qoo 000 000 000 400
-10000 © 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
fibroblast_1 ESC->cardiac.muscle.c (A)adrenal.gland retinoblastoma neuroblast.cell
T 25 T 25 T 25 T 25 T 25
520 5,20 5,20 520 520
@15 w15 CRE @ 15 LRE
810 $ 10 $10 810 2 1.0
EDSW Sos \_/ Sos Zos \\ 205 ™~ f
Soo G oo 400 g 00 400
-10000 © 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
(A)testis (A)B-cell (A)T-cell_1 (E)thymus_2 (E)thymus_3
W 25 T 2.5 T 25 w25 w25
520 520 520 §20 §20
‘zws gws gws ;15 ‘;15
210 1.0 1.0 1.0 1.0
”os—ﬁj\v‘r—' 2os1 T NS 205 \ 205 S 05
Boo Boo 800 &oo NS & oo NS
-10000 0 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
glom.visc.epi (A)stomach (A)liver (A)T-cell_2 (E)thymus_1
w25 w25 w25 T 25 T 25
520 520 520 520 520
@15 @15 @ 15 @15 @ 15
210 210 210 210 210
Bos _J Sos \ Sos Sos Sos “_Jf
S o0 G oo G 00 00 S 00
-10000 © 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
(A)colon ESC common.myeloid.prog monocyte colon.adenocarcinoma
w25 T 25 T 25 w25 w25
520 520 520 520 520
w15 15 15 @15 @15
910 210 210 2 1.0 210
Sos Sos Sos \ Sos ™\ [ gosm——w
ooo 800 G 00 o 00 400
-10000 © 10000 2000C -10000 O 10000 20000 -10000 0 10000 2000 -10000 O 10000 2000 -10000 0 10000 20000
pos pos pos pos pos
hemato.multi.progenitor hemato.multi.progenitor mammary.gland.epithel emb.carcinoma.cell (E)liver
w25 w25 w25 T 25 T 25
H20 520 B2o 520 H20
@ 15 @ 15 @ 15 @15 @ 15
210 310 310 & 10 810
205{ T 2os ~_ S Sos " Sos Sos J
S o0 G oo G 00 00 S 00
-10000 0 10000 2000C -10000 0 10000 20000 -10000 0 10000 2000 -10000 0 10000 2000 -10000 0 10000 20000
pos pos pos pos pos

Figure 5.9. Average DNase accessibility profiles of full length human LINE1 elements

Average DNase accessibility profiles of full length (5,000 < size < 7,000) human LINE1
elements across the 45 cell/tissues. Position is relative to LINE1 5’ end along their
transcriptional directions. All cell/tissues show depletion of accessibility along LINE1
bodies while a subset of cell/tissues show high accessibility at 5’ end (TSS). DNase
signals computed as fold changes from genomic average.
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enriched in enhancers across multiple cell/tissues, and their enrichment grows in
enhancers with the strongest DNase | accessibility (Figure 5.8B). Although we do
observe clear signals of DNase | accessibility in LINE elements (at its 5’ end) for multiple
cell/tissues (Figure 5.9), these generate weak DNase | peaks, and LINE elements are
depleted in enhancers of most cell/tissues (Figure 5.8D). Like LTR, LINE enrichment
increases with increasing DNase | accessibility, surpassing the genomic average for
subsets of top 1,000 enhancers of human colon and ESC with the highest level of
DNase | accessibility (Figure 5.8D). By contrast, SINE elements are more depleted in
enhancers with higher DNase-I| accessibility (Figure 5.8C). These observations are
consistent with a recent report that also found significantly higher enrichment of LTR
than SINE in distal enhancers'®*. This TE-specific and cell/tissue-specific variation in TE-
enhancer association suggests that TEs may have a functional role in shaping
theenhancer landscape?”'85-188 put it is difficult to separate function from their naturally

increased tendency to transpose into accessible regions.

Most enhancers with overlapping TE annotations are species-specific (Figure
5.10A), and the increase in TE enrichment in enhancers explains much of the decrease
in enhancer conservation across cell/tissues. This is not limited to weaker DHS, and in
fact TE enrichment in enhancers grows with DNase-I| accessibility. We show this by
repeating the analysis of Figure 5.10A using only the top 1,000 enhancers with the
highest DNase-signal (Figure 5.10B). In summary, enrichment of TE-associated
enhancers contributes heavily to the observed cell/tissue dependent variability in
enhancer conservation (orange bars in Figure 5.10 grow with decreasing conservation).
However, intriguingly, we also observe a decreasing trend of conservation in non-TE
associated enhancers as TE-enrichment in cell/tissues increases (grey bars in Figure

5.10 shrink with decreasing conservation; Figure 5.11B; R =-0.84). We find it curious
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that the increased enhancer duplication driven by TEs is correlated with the reduction in
the conservation level of non-TE associated enhancers. It is possible that TE driven

functional redundancy allows more rapid evolutionary turnover in these tissues.
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Figure 5.10. Enhancers overlapping transposable elements are species-specific.

A) Fraction of conserved enhancers and overlap with TEs (repeat = enhancers with more
than 50% base pair overlap with type | TEs; non-repeat = enhancers with zero overlap
with any repeat annotations). B) same but using top 1,000 enhance by DNase-signal.
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Figure 5.11. Human-mouse enhancer conservation rate decreases with TE-association.

A) Cell/tissues with high TE enrichment in enhancers have lower enhancer conservation rate
(R =-0.88), which holds true for both subsets of enhancers B) with no repeat annotation (R =
-0.84) C) with more than 50% overlap with LTR, LINE or SINE annotations (R = -0.78).
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5.4 Discussion

Model organism studies have elucidated many of the mechanisms of
transcriptional regulation and have functionally validated the roles of some enhancers
associated with human diseases. However, characterization of enhancers through model
animals is possible only for enhancers with identifiable orthologs in model animals. Mice
are perhaps the most facile model system for human disease, but their evolutionary
distance poses more of a challenge than detecting orthologous regulatory sequence in
primates. Past studies using conventional genome alignment and mapping algorithms
(LASTZ/LiftOver) have shown that mapping orthologous enhancers with conserved
regulatory activities is much more difficult than mapping promoters. We addressed
whether the difficulty of enhancer mapping is a result of rapid enhancer evolution or of
limitations in conventional genome alignment algorithms. To comprehensively quantify
enhancer conservation, we used gkm-SVM to generate unbiased sets of enhancers for
each pair of 45 human and mouse cell/tissues matched by core TF regulators.
Interestingly, enhancers appear to have highly variable levels of conservation across
different cell/tissue types. We show that the conservation rate of embryonic brain
enhancers are about three times higher than that of adult liver, although enhancer
vocabularies are highly conserved for both tissues. The tissue variability in enhancer
conservation rate is confirmed in alignment-free analyses. Part of the explanation of this
apparent paradox is that tissues with low enhancer conservation also have more
species-specific enhancer duplication. A significant proportion of enhancer duplications
appear to have resulted from transposable elements (TE), especially LTRs, and most
TE-associated enhancers are species-specific, partly explaining the relative lack of
enhancer conservation in cell/tissues with high TE activity, such as the liver. The

cell/tissue variability in enhancer conservation aligns with previously reported cell/tissue
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variable conservation of gene expression, which showed rapid transcriptomic divergence
of the liver relative to the brain?. Rapid liver enhancer evolution may explain the
apparent transcriptomic differences between human and mouse livers'®2'63 and may
further explain the previously reported transcriptional divergence of many cell/tissue
specific genes'®. Intriguingly, in cell/tissues with low enhancer conservation, enhancers
with no sequence overlap with repetitive elements also showed reduced conservation.
Our observation is consistent with a model of evolution in which TEs provide influx of
novel TF binding sites through transposition and further facilitate turnover of nearby
enhancers by supplying functional redundancy®. TEs can contribute up to 30% of the
strongest DHS peaks in some tissues, but we do not know what proportion of these
TFBS-carrying TEs act as transcriptional enhancers to relevant genes, and which might
be regulatory noise. Only a small proportion of TE-enhancers have so far been
functionally tested'®®, but we expect to see more functional validation of these elements
in near future due to advances in noncoding CRISPR-based screening

methodologies®'"°.
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Chapter 6

Gkme-align: an algorithm to map conserved distal enhancers

using gapped-kmer sequence features

In this chapter, | present the novel genome-alignment method that incorporates
gapped-kmer features to model sequence degeneracy of enhancers: gkm-alignl’). This
feature choice is motivated by sequence modeling using gapped-kmer composition
which have been shown'”" to effectively represent biological sequences, accurately
predict cell-specific enhancers, and discover regulatory vocabularies associated with TF
binding (gkm-SVM)*42 and protein motifs'’2. The effectiveness of this modeling agrees
with the prevailing model that enhancers are defined by clusters of degenerate
TFBS*42330 Gkm-align incorporates this idea and aligns human and mouse sequences
by their gapped-kmer composition. Using enhancers of the 45 human/mouse cell/tissue
pairs, we systematically evaluated the gkm-align algorithm, and discover thousands of
novel conserved enhancers. Further, we show that the discovery rate of conserved
enhancers can further be increased by incorporation of gkm-SVM derived cell-specific

regulatory vocabularies, which we show are conserved between human and mouse.

6.1 Methods

6.1.1 Whole genome-alignment and conserved enhancer mapping using gkm-align

Gkm-align software is accessible through its github page: https://github.com/oh-

jinwoo94/gkm-align. Sample command lines with minimal examples and detailed

[l Most of the contents in this chapter are adapted from the original gkm-align manuscript'©.
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instruction of how to use gkm-align for genome-alignment and conserved enhancer

mapping are also included in the github page.

6.1.2 Quantifying enhancer strength of human loci mapped from mouse HBB

enhancers using CRISPRI perturbation data.

HCR-FlowFISH CRISPRI data (K562 cell line; HBE1 expression perturbation as readout)
were downloaded from the ENCODE portal (accession ID provided in Supplementary

Table 1; beerlab.org/gkmalign/)®'®. Two biological replicates were used, where each

replicate generates sgRNA sequence read counts for low and high expression sort bins.

The following equation was used to compute CRISPRI effect size of each sgRNA.

1+ (i )

* (ﬁni(m)

log, FC; = log,

where L and H are each a vector encoding the number of reads for each sgRNA in low
and high sort bins respectively. Normalization with mean underweight sgRNAs with low
read counts®. Enhancer strength of putative human enhancers, mapped from mouse
HBB enhancers using gkm-align, were computed as average log2FC of sgRNA target
that overlap with each enhancer. Mouse enhancer coordinates were defined using
mouse embryonic liver DHS (ENCFF578VRG; 300 base pair wide extended from the
summit) that also overlap with GATA1 ChlP-seq peaks in mouse erythroblast

(ENCFF676TDJ) within mm10/chr7:103851395-103883181.
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6.1.3 Regression model for predicting functional conservation.

For predicting functional conservation of human enhancers in mouse (measured as
DNase-signal at mouse loci mapped from human enhancers), we denote a set of human
enhancers as {HE,, HE,, ...} and denote mouse elements mapped from query HE by gkm-

align as ME;. Denoting DNase-signal at query HE as q,;, and signal at mapped ME as

mg;4 (fold change relative to genomic average), we model functional conservation as:

Msig = f(qsig'g' p) = Z Z Z Qi igig (q;g ’ giz 'pi3);
i,€70,1} i€{0,1} i3€{0,1}

where g = gkmsim(HE;, ME;), p = Py(ME;), and f linearly combines all multiplicative
combinations of the three variables (Figure 6.12). Predicted mouse regulatory signal /g,
is computed using 5-fold CV linear regression. g5, -g-p, Which also has high
predictability (Figure 6.12) may also be used instead, if my;, is not accessible (e.g., no

relevant functional experiments performed in mice).

6.2 Results

gkm-align algorithm finds alignment path of maximum gapped kmer similarity.

Enhancers contain degenerate clusters of TFBS, and enhancer mutagenesis
studies have shown that enhancer function is strongly affected by mutations within
binding sites and robust to mutations between binding sites?®?°. This modular
architecture more readily tolerates insertions/deletions between TFBS and small

structural variations. To exploit this modular structure, gkm-align uses a sequence
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Figure 6.1. Computing pairwise sequence similarity matrix using gapped-kmer
composition

A) Sequence similarity between a mouse (M) enhancer and a human (H) enhancer is
quantified by their similarity in gapped-kmer compositions (gapped-kmer similarity, or
gkm-sim). B) Schematic describing computation of pairwise gkm-similarity of all pairs of
sliding windows in syntenic genomic loci of the two species. The pairwise similarity
values are encoded in a gapped-kmer similarity matrix G. Visualization of gapped-kmer
similarity matrix (G) in FADS syntenic locus C) without gkm-SVM repeat masking and D)
with masking. E) Identification of colinear series of conserved elements using matrix G.
F) Schematic describing how whole-genome alignment is performed using the GNA12
inversion locus as an example (dots: short sequence matches. colors: groups of short
matches in syntenic blocks; boxes: pairs of human/mouse syntenic loci from which gkm-
similarity matrices derive).
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similarity metric that compares a pair of sequences (e.g., width of 300 base pairs) by
their gapped-kmer composition (Figure 6.1A; chapter 7 for algorithmic details).
Alternative sequence similarity metrics based on kmer-composition have previously
been used to detect evolutionarily related sequences'”>-"75 (typically using 6-mers), but
these methods have not been applied to whole genome alignments. We chose to
generate whole genome alignments using gapped-kmers because they more accurately
model TF binding sites®?33°. Gapped-kmers contain a fixed number of gaps, which
represent any nucleotide, and compactly model degenerate positions in TFBS. There
exist (}()4" gapped-kmers with size / and k non-gapped positions (e.g., N=5,406,720 for
I, k=11, 7), and the gapped-kmer similarity (gkm-sim) for a pair of sequences is
computed as the cosine similarity of these vectors, each encoding the counts of gapped-

kmers in the respective sequence.

To align a pair of human/mouse loci, we first compute a gkm-similarity matrix (G)
of all pairs of sliding window subsequences of the human and mouse loci (Figure 6.1B).

The size of this matrix will depend on the locus size; for example, human/mouse loci of
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Figure 6.2. Detecting and masking repetitive DNA sequence patterns using gkm-SVM.

A) Comparison of repetitive gkm-SVM vocabularies obtained from human (x-axis) and
mouse (y-axis) by kmer weight correlation (R = 0.97). B) Fraction of base pairs that are
masked by gkm-SVM repeat masking for different classes of repetitive elements at varying
masking strengths (method described in more detail in chapter 7) in human and C) in
mouse.
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20 kilobases (e.g., FADS loci) have ~1,000 subsequences of 300 base pair windows
sliding by 20 base pairs, and the gkm-similarity matrix (G) of dimension 1,000 x 1,000
encodes all pairwise gkm-similarities of the human and mouse subsequences (as shown
in Figure 6.1C). Exons of matched orthologous genes in human and mouse show
highest levels of sequence similarity, but regions of low complexity (e.g., tandem
repeats) also show high interspecies sequence similarity due to their prevalence and
uniform sequence composition (identifiable as a row of horizontal dots in Figure 6.1C).
To remove these repetitive sequence matches, we train gkm-SVM to detect and mask
ubiquitous across the human and mouse genomes (Figure 6.1D; Figure 6.2A;
algorithmic detail in chapter 7.6). The sequence patterns learned by gkm-SVM, trained
on randomly sampled genomic sequences against randomly generated zeroth order
DNA sequences (P(A)=...=P(T)), encode background genomic sequences that are
prevalent across the genome much higher than expected by chance, such as polyA
repeats (Figure 6.2BC). We then compute G using the masked sequences, to which we
apply a variant of Smith-Waterman algorithm to identify an optimal alignment path that
encodes how human/mouse loci diverged (Figure 6.1E; algorithmic detail in chapter
7.3). This method of alignment is extended genome-wide by utilizing orthologous gene
annotations'® and short sequence matches??'”® (Figure 6.1F; algorithmic detail in

chapter 7.4).

We next demonstrate the gkm-align algorithm at the well-studied hemoglobin
beta (HBB) locus control region (LCR)'"”. These loci in human and mouse each contains
4-5 enhancers, and the human enhancers have shown to be capable of regulating
mouse HBB expression through transgenic mouse experiments'’8. We aligned the HBB
LCRs of human and mouse using gkm-align and mapped the five mouse enhancers to

human (Figure 6.3A). The five mouse enhancers (labeled as ME1, ..., ME5) all have
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strong DNase | accessibility and EP300 binding in mouse embryonic liver (where HBB is
active) and are bound by GATA1'" in erythroblasts; however only four of the five human
loci mapped from these mouse enhancers (labeled as HE1, ..., HE5) show strong marks
of enhancers. HE5 has weak GATA1 binding in erythroblast and low DNase |
accessibility in embryonic liver. Further, inhibiting HES with CRISPRI has the weakest
effect on downregulating HBE1 expression among the five putative human enhancers
mapped from mouse®'%® (Figure 6.3B; Methods 6.1.2). It is likely that HE5 may have
accumulated mutations leading to loss of regulatory activity. This loss of regulatory
activity is also predictable by gapped-kmer sequence similarity metrics. As will be
justified further below, Figure 6.3B shows that the geometric mean of gapped-kmer
sequence similarity and interspecies gkm-SVM enhancer prediction is consistent with

the CRISPRI effect at HBB enhancers.
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Figure 6.3. gkm-align detects and characterizes conserved enhancers in the HBB
LCR

A) Alignment of the HBB Locus Control Region (dot size: gkm-similarity; color: gkm-
SVM prediction score at corresponding human locus using gkm-SVM model trained
on mouse embryonic liver enhancers. Highlights: CREs); HE: human element; ME:
mouse element. B) Combining gkm-similarity of (HE, ME) and gkm-SVM score (of
HE using mouse embryonic liver enhancer trained model) to predict regulatory
activities of human elements (HE) measured by CRISPRI perturbation. Circle: bio-
replicate 1, Pearson Corr: 0.7, p-val=0.18; Triangle: bio-replicate 2, Pearson Corr:
0.78; p-val=0.12; Combined: Pearson Corr=0.73, p-val=0.016, linear regression line
and 95% confidence interval.
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We applied gkm-align genome-wide across the 45 cell/tissue pairs and identified
many novel conserved enhancers which are not predicted by LASTZ/LiftOver (either
predicted to be deleted or which LiftOver maps to inactive regions). Overall, the gkm-
align predicted mouse enhancers show clear marks of enhancer activity (Figure 6.4A):
strong DNase/H3K27ac/H3K4me1 signals and weaker H3K4me3 (averaged across 9
cell/tissues for which the mouse histone ChlP-seq data are available; the cell/tissue
identities are shown in Supplementary Table 1). For all the 45 cell/tissue pairs, gkm-
align mapped a higher number of human enhancers to mouse enhancers than
LASTZ/LiftOver (Figure 6.5), with the increase in enhancer mappability ranging from 1%
(embryonic limb) to 22% (hematopoietic multipotent progenitor cells) (c=0 in Figure
6.8A). For the cell/tissue pair of human hippocampus astrocyte and mouse Miiller cells

(both of which are glial cells), gkm-align successfully mapped 791 human enhancers to
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Figure 6.4. gkm-align predicted mouse enhancers show clear marks of enhancer activity

A) Average DNase accessibility and H3K27ac/H3K4me1/H3K4me3 histone ChIP-seq signals
at mouse loci mapped from human enhancers (aggregated across 9 distinct cell/tissues) using
gkm-align. Signals are normalized as fold-change from genomic average. B) same but
constrained to novel conserved mouse enhancers mappable uniquely by gkm-align (c=0).
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mouse enhancers, which are incorrectly mapped by LASTZ/LiftOver (either deleted or
map to inactive mouse regions). These novel conserved enhancers show clear markers
of enhancer activity (Figure 6.4B). Conversely, only 222 human enhancers were
correctly mappable uniquely by LASTZ/LiftOver but incorrectly mappable by gkm-align.
8,559 human glial enhancers were mapped to mouse enhancers by both methods.
Together across the 45 cell/tissues, gkm-align identified 6,591 novel conserved
enhancers. This greatly increases the number of human enhancers which can be

functionally tested for disease relevance in mouse models.
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Figure 6.5. gkm-align discovers thousands of novel conserved enhancers.

Number of human-mouse conserved enhancers that are identifiable uniquely by
LASTZ/LiftOver (x-axis) and gkm-align (y-axis) for each of the 45 cell/tissue pairs. Gkm-
align identifies conserved enhancers missed by LASTZ/LiftOver in all tissues. Relative
to LASTZ/LiftOver, gkm-align discovers 197 novel enhancers on average per cell/tissue
and total 6,591 novel enhancers across all 45 cell/tissues.
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gkme-align identifies additional novel conserved enhancers when combined with cell-

specific vocabulary.

Although gkm-align outperforms LASTZ/LiftOver, the sequence similarity metric
does not explicitly make use of cell/tissue specific regulatory vocabulary. Gkm-SVM
enhancer regulatory vocabularies, encoding TFBS motifs, are well conserved between
human and mouse (Figure 4.9B, Figure 5.1A), and they can be incorporated into gkm-
align both to improve discovery of conserved enhancers and to quantify their predicted
functional conservation. This additional information leads to an expanded catalog of

human enhancers testable through mouse models, ranked by likelihood of conserved

regulatory roles.

ME: Mouse enhancer Cell-specific weighting
HE: Human enhancer Human enhancer | Mouse enhancer
model (Pu) model (Pu)

General sequence
conservation

Functional sequence
conservation

G = gkmsim(ME,HE) F = P4(ME)-Py(HE)

G, = GUOF¢

0<G <1

Figure 6.6. Cell-specific genome-alignment using gkm-SVM enhancer models

Schematic describing how cell-specific gkm-SVM enhancer prediction model is
incorporated into gkm-align for cell-specific weighted alignment.

We incorporate cell-specific gkm-SVM regulatory vocabularies into gkm-align
following a simple and intuitive model: if a pair of human and mouse enhancers, denoted

as HE and ME, are orthologous, then they should have similar DNA compositions (i.e.,
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general sequence conservation), and should both contain conserved TFBS motifs
relevant to the shared cellular context (i.e., functional sequence conservation) (Figure
6.6). General sequence conservation (G) is quantified using gkm-similarity, as previously
described. Functional sequence conservation (F) is computed using interspecies gkm-
SVM prediction scores, which we normalize to vary between 0 and 1 for interpretability
(algorithmic detail in chapter 7.5). Denoting Py (ME) as normalized prediction score of a
mouse element by a gkm-SVM model trained on human enhancers, we can interpret

Py (ME) as the probability that ME can function as an enhancer in the orthologous
human cellular context. P),(HE) is defined similarly (M: mouse; HE: human enhancer).
Then, functional sequence conservation, computed as F = Py (ME) - Py (HE), can be
interpreted as the probability that ME and HE can both function as enhancers
interchangeably in human and mouse cellular contexts. For cell-specific weighted
alignment, we combine the two measures of enhancer conservation into G, = G17¢ -

F¢ (0 < ¢ < 1), which adjusts the alignment path toward human/mouse element pairs
with both similar sequence composition (G) and functional similarity in common cellular

context (F).

Cell-specific weighted alignment by gkm-align identifies the highest number of
conserved enhancers when it is combined with gkm-SVM enhancer prediction model
trained on enhancers of relevant cell/tissue type. For example, LASTZ/LiftOver and gkm-
align each identify 1,325 and 1,529 conserved human B-cell enhancers, but if gkm-align
is combined with B-cell trained gkm-SVM enhancer prediction models, the number of
identifiable conserved enhancers increases up to 1,818 at cell-specific enhancer model
weighting parameter (¢=0.8) (a 37% increase from LASTZ/LiftOver) (Figure 6.7A). The
identification rate also increases when gkm-align is combined with gkm-SVM models of

similar cell-types (with overlapping TFs), such as myeloid progenitor cells and thymus,
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each with peaks at 1,663 (c=0.5) and 1,605 (c=0.4) conserved enhancers. Similarly for
colon enhancers, LASTZ/LiftOver, unweighted gkm-align (c=0), and cell-specific gkm-
align (c=0.75) each identifies 1,125, 1,221, and 1,352 conserved enhancers, which
corresponds to a 7.9% and 20% increase over LASTZ/LiftOver for unweighted (¢=0) and
weighted (c=0.75) gkm-align respectively (Figure 6.7B). Cell-specific weighting using
enhancer-trained gkm-SVM models improves the identification rate of conserved
enhancers for all pairs of 45 cell/tissues (Figure 6.8A). At c=0.9, we observe up to an
80% increase in conserved enhancer discovery over LASTZ/LiftOver for monocytes, with
16 cell/tissues with greater than a 20% increase for ¢=0.7 and c=0.8. A subset of
cell/tissues exhibited limited improvement through gkm-SVM weighting (e.g., brain), but
their identification rates remained higher than both unweighted gkm-align and
LASTZ/LiftOver at ¢=0.5. Across the 45 cell/tissues, weighted cell-specific gkm-align

discovers several hundred novel enhancers in every tissue and 23,660 total novel
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Figure 6.7. Enhancing discovery of conserved enhancers by incorporating gkm-
SVM enhancer vocabularies.

A) Number of B-cell human enhancers mappable to mouse B-cell enhancers using
LASTZ/LiftOver (grey dashed line) and gkm-align weighted by gkm-SVM enhancer
models trained on B-cell (red), myeloid progenitor cell (green), and thymus
enhancers (blue) with varying weights. B) Number of human colon enhancers
mappable to mouse colon enhancers using LASTZ/LiftOver (grey dashed line) and
gkm-align weighted by gkm-SVM enhancer models trained on colon (red) and
stomach (blue) with varying enhancer model weights.
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Figure 6.8. gkm-align detects higher numbers of conserved enhancers when
combined with

A) Percent change in the number of identifiable human/mouse enhancer pairs by
gkme-align, relative to LASTZ/LiftOver, across 45 cell-tissue pairs using cell-type
matched gkm-SVM model weighting. Line plots for a subset of cell/tissues. B)
Number of human-mouse conserved enhancers that are identifiable uniquely by
LASTZ/LiftOver (x-axis) and gkm-SVM weighted cell-specific gkm-align (y-axis) for
each of the 45 cell/tissue pairs. Relative to LASTZ/LiftOver, weighted gkm-align
discovers 610 novel enhancers on average per cell/tissue and total 23,600 novel
enhancers across all 45 celltissues.

conserved enhancers across all 45 cell/tissues (Figure 6.8B). Despite the increased
performance by gkm-align with or without gkm-SVM cell-specific weighting, the cell-
specific pattern of enhancer conservation we showed in Figure 5.2A is maintained
(Figure 6.9). Lastly, it should be noted that, although cell-specific alignment discovers a
higher number of conserved enhancers compared to unweighted gkm-align, there are
also handful of enhancers identifiable by unweighted gkm-alignment but missed by cell-
specific gkm-alignment. These tend to be conserved enhancers with high general
sequence similarities but with more degenerate TFBS. For this reason, both generic and
cell-specific gkm-align should be used in parallel to maximize the span of identifiable
conserved enhancers, and we provide genome-wide enhancer mappings for both

methods.
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Figure 6.9. Conservation analysis using gkm-align is consistent with the
analysis using LASTZ/liftover in Fig 5.2A

Same as the enhancer conservation rates shown in Fig 5.2A but using gkm-
align with cell-specific A) no weighting (c=0) and B) weighting (c=0.5).

We reproduced the above results using an independent dataset®®, where
enhancers in diverse non-human mammals in four tissues (brain, muscle, liver, testis)
were identified using H3K27ac and H3K4me1 histone marks. The four tissues are also
included among our list of 45 cell/tissues, and we evaluated gkm-align by mapping our
enhancers (distal cell-specific DHS) in these tissues to the histone-defined enhancers.
Consistent with Figure 6.8, Gkm-align maps higher numbers of conserved enhancers
than LASTZ/LiftOver across four tissues, where gkm-align’s performance maximally
improves when tissue-matched gkm-SVM enhancer models are incorporated (Figure
6.10). Using the same dataset, we also show that gkm-align also maps higher numbers
of conserved human enhancers in rhesus macaque for all the four tissues (Figure 6.11).
For this analysis, we used gkm-SVM models trained on our mouse enhancer sets to

align human and macaque, which highlights the applicability of gkm-SVM models in
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different species due to conservation of enhancer vocabularies (Figure 4.9B, Figure

5.1A).
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Figure 6.10. Evaluation of gkm-align predictions on the independent mouse enhancer
sets of Roller 2021.

Number of human A) brain, B) muscle, C) testes, and D) liver enhancers (distal cell-
specific DHS) mappable to mouse enhancers (H3K27ac/H3K4me1) in matched tissues
using LASTZ/LiftOver (grey dashed line) and gkm-align weighted by gkm-SVM
enhancer models trained various tissues. various tissues.
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Figure 6.11. Evaluation of gkm-align predictions on the independent macaque enhancer
sets of Roller 2021.

Number of human A) brain, B) muscle, C) testes, and D) liver enhancers (distal cell-specific
DHS) mappable to macaque enhancers (H3K27ac/H3K4me1) in matched tissues using
LASTZ/liftOver and unweighted gkm-align, and gkm-align weighted by gkm-SVM models
trained on enhancers in matched tissues.

Cell-specific information from gkm-SVM enhancer prediction models can also be
combined with the gapped-kmer based sequence similarity metric (gkm-sim) to quantify
functional conservation of orthologous enhancer pairs discovered through gkm-align.
The strength (DHS signal) of mouse loci mapped from human enhancers tends to
correlate with strength of the human enhancers, but a fraction of the identified
orthologous pairs lacks such conservation of activity due to sequence divergence
(Figure 5.1B). To rank predictions, we explored different ways to predict functional
conservation between orthologous human and mouse enhancer pairs identified by gkm-

align (Figure 6.12A). We observed that the DNase signal of a query human sequence
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(gDNase) was correlated with the DNase signal of the mapped mouse ortholog
(mDNase) with median correlation of 0.29 (min: 0.13; max: 0.46), and the product of
gDNase and gkm-similarity between query human enhancer (HE) and the mapped
mouse ortholog (ME), lead to increased median correlation of 0.41 (min: 0.23; max:
0.60) (Figure 6.12B). When this product is further multiplied by enhancer prediction of
ME by human trained gkm-SVM (0 < P, (ME) < 1), median correlation further improves
to 0.46 (min: 0.25; max: 0.61). This triple product has a high value for a mapped mouse
ortholog if it has similar gapped-kmer composition, a strong human enhancer ortholog,
and contains conserved TFBS motifs. Training a regression model with these
combinatorial features leads to median correlation of 0.55 (min: 0.32; max: 0.68) (Figure
6.12B; Methods). All of our human/mouse conserved enhancer mappings are ranked
with these gapped-kmer based conservation scores, which we believe will facilitate
downstream experimental testing by providing confidence ranking scores for functional

conservation in mice.

Predicting functional conservation

Regression
A B 0.7 prediction
qDnase
x gkmsim(HE,ME)
SEqu?.nce similarity X pu(ME)
qDNase 0.6 gkmsim(HE,ME)
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enhancer| _ Human Enhancer _ enhancer
(HE) Dnase-signal
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Figure 6.12. gkm-align identifies more novel conserved enhancers and robustly predicts
functional conservation when combined with cell-specific information.

A) Schematic describing regression model for ranking enhancer mapping to mouse
(mDNase) in terms of human enhancer features (qDNase = DNase-signal at query human
enhancer; gkm-sim = gapped-kmer sequence similarity between human and mouse element;
PH(M) = human gkm-SVM score of mapped mouse element). B) Predicting DNase-seq
signal at mouse loci mapped from human enhancers (mDNase) using combinations of
features described in Figure 4E across the 45 human/mouse cell/tissue pairs.
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Figure 6.13. Examples of novel enhancers from expanded catalogue of human/mouse
orthologous enhancers.

A) Genome browser visualization of mouse and B) human OTUD7A loci. Yellow boxes
indicate the identified conserved enhancers. C) Visualization of conserved binding sites in
human OTUDYA intronic enhancer by sequence conservation with the orthologous mouse
enhancer. Logo height represents local gapped-kmer sequence conservation score with
mouse, and line plots indicate TF-binding prediction by delta-SVM models trained on human
or mouse brains enhancers. D) Visualization of DNase accessibility of orthologous enhancers
from the five distinct cell/tissues (Green: human, Blue: mouse; position relative to DHS center
of human/mouse orthologous enhancers; signal: fold change from genomic average).
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Many of the novel enhancers identified by gkm-align are supported by additional
evidence of conserved function. For example, gkm-align predicts a conserved enhancer
in OTU Deubiquitinase 7A (OTUD7A) which is highly expressed in both human and
mouse brains® and is associated with a wide range of neurological diseases as such
schizophrenia and epilepsy'. OTUD7A knockout leads to morphological deformation of
cortical neurons and frequent seizure-like events in mice'8"'82, We identified orthologous
pairs of putative OTUD7A enhancers in intron 1 of human and mouse OTUD7A (Figure
6.13A-B; enhancers: yellow-highlighted; hg38/chr15:31740273-31740573;
mm10/chr7:63554547-63554847). Both human and mouse elements exhibit strong
DNase-| accessibility and H3K27ac histone modification across biological samples
related to the nervous system (Figure 6.13A-B). The two enhancers appear to have
three clusters of conserved DNA base pairs with high local conservation in gapped-kmer
composition (local conservation rate represented as the logo heights in Figure 6.13C),
and one of the clusters located at the centers of the human and mouse enhancers
contains a NEUROG/ATOH1 binding motif (GCAGATGG), which is identified among the
top brain enhancer kmer weights for both human and mouse as shown in Figure 4.7.
This part of the enhancer has the largest delta-SVM? score for gkm-SVM models trained
on both human and mouse brains (visualized using shaded line plots in Fig 5C),
indicating that it is a core TF binding site conserved between human and mouse.
Despite the clear conserved biochemical signatures and binding motif, this enhancer is

predicted to be deleted in mouse by LASTZ/LiftOver.

To show further examples of the top conserved enhancers in Figure 6.13D, we
ranked enhancers that have the strongest combined (i) DNase | accessibility, (ii) gkm-
similarity, and (iii) interspecies gkm-SVM prediction, using the regression score

described in Figure 6.12. This combined regression score increases the likelihood of
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functional conservation as shown in Figure 6.3B for HBB CRISPRIi. We ranked
enhancers collected from five diverse human and mouse celltissues (brain, kidney,
stomach, muscle, B-cell) from among the top 1% conserved enhancers with highest
regression score. Among these top orthologous enhancers, we selected a subset of
enhancers in the vicinity of orthologous genes with cell/tissue specific expression®?
(Figure 6.13D). These genes include KCND3 (brain; voltage-gated potassium channel
subunit), PAX2 (kidney; TF associated with renal malformation'®), GATA6 (stomach;
definite endoderm TF®), MYOD1(muscle; TF associated with myopathy'®*), and IKZF3
(B-cell; TF mutated in leukemia''8). For each of the 45 cell/tissue pairs, we generated
a table of ranked orthologous human-to-mouse enhancer pairs. In addition to providing
an expanded catalog of conserved distal enhancer elements, the ranking can be used to
prioritize elements for functional characterization. We uploaded our catalogue of

conserved enhancers to beerlab.org/gkmalign/.

6.3 Discussion

We developed a gapped-kmer based novel alignment algorithm to detect
conserved enhancers, gkm-align. Gkm-align maps orthologous enhancers by finding
alignment paths of maximal gapped-kmer composition at the resolution of sliding ~300
base pair windows. We used a whole genome alignment strategy and present a new set
of conserved enhancer predictions for human and mouse. We evaluated these
predictions on 45 pairs of matched tissues using ENCODE data and show that gkm-align
detects thousands of conserved enhancers missed by conventional alignment methods.
We further extend these predictions by combining tissue specific TF information, which
predicts an additional 500 enhancers per tissue on average, and up to an 80% increase
in some tissues. While our analysis confirms that mapping orthologous enhancers
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between distant mammals is an inherently difficult problem due to rapid enhancer
evolution, we show that we detect conserved enhancers of biomedical significance
missed by LiftOver/LASTZ, including an intronic enhancer of OTUD7A which is
associated with epilepsy in humans and when knocked out reduces dendritic density and
promotes seizures in mouse. Many multiple alignment algorithms'87='8 build upon
pairwise alignment outputs from LASTZ, and we expect that the improvement of pairwise
genome alignment by gkm-align will lead to improved annotations of conserved cis-
regulatory elements in diverse mammalian genomes that are not functionally
characterized as deeply as human and mouse. Despite the algorithmic improvement for
mapping orthologous enhancers, our analysis confirms the overall weak enhancer
conservation relative to promoters and that enhancers have surprisingly variable
conservation rate across cells/tissues. Lastly, we provide an expanded catalogue of
orthologous human-mouse enhancers, each annotated with predictive gapped-kmer
based functional conservation scores. We expect that this expanded and quantitatively
ranked catalogue of conserved enhancers will facilitate discovery and functional

characterization by prioritizing enhancers for testing in model animals.
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Chapter 7

Algorithmic details of gkm-align

In this chapter, | provide algorithmic details of gkm-align®. | first introduced the
gkm-align algorithm in the previous chapter, which points to sections in this chapter for
more detailed descriptions of the algorithm. This chapter provides supplementary
information to the previous chapter. The gkm-align algorithm was motivated by previous
successes of machine learning models using gapped-kmers in effectively learning
sequence features of enhancers and discover their regulatory vocabularies®?33°, The gkm-
align algorithm utilizes gapped-kmers as sequence feature, and identifies conserved

enhancers by finding optimal alignment paths of maximum gapped-kmer similarity.

7.1 Algorithm overview

Given a human-mouse syntenic locus, gkm-align identifies an alignment path
spanning the human and mouse sequences (Sy,Sy). The alignment is done at the
resolution of sliding windows (Figure 7.1A; e.g., window width, w = 300; slide step size,
s = 20). We first compute pairwise sequence similarities (using the gapped-kmer kernel,
i.e. the dot product of gapped-kmer counts) between all pairs of human and mouse sliding
windows, and encode the pairwise sequence similarity values in the matrix G (Figure 7.1B;
details in chapter 7.2). G[i, j] encodes the gapped-kmer similarity between the it" and j*
sliding windows of S and S, (denoted as Sy ; and Sy ;). Repetitive portions of the human
and mouse sequences are masked prior to computing G (chapter 7.5). The resulting
matrix G is then used to identify the optimal alignment path with maximal gapped-kmer

similarity. (Figure 7.1.C; details in chapter 7.3). Gkm-align is extended genome-wide by

18 This chapter is adapted from a supplementary document of the gkm-align manuscript'®
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defining human-mouse syntenic blocks using the ENCODE human-mouse orthologous
gene coordinates Fig 7.1C; details in chapter 7.3). Human-mouse short sequence

matches are further used to obtain finer syntenic blocks, leading to higher computational
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Figure 7.1. Graphical overview of gkm-align

A) Sequence similarity between a mouse (M) enhancer and a human (H) enhancer is
quantified by their similarity in gapped-kmer compositions (gapped-kmer similarity, or
gkm-sim). The schematic describes computation of pairwise gkm-similarity of all pairs of
sliding windows in syntenic genomic loci of the two species. The pairwise similarity. B)
gapped-kmer similarity matrix (G) in FADS syntenic locus with gkm-SVM repeat
masking. C) Identification of colinear series of conserved elements using matrix G. G)
Alignment of the HBB Locus Control Region (dot size: gkm-similarity; color: gkm-SVM
prediction score at corresponding human locus using gkm-SVM model trained on mouse
embryonic liver enhancers. Highlights: CREs); HE: human element; ME: mouse
element. D) Schematic describing how whole-genome alignment is performed using the
GNA12 inversion locus as an example (dots: short sequence matches. colors: groups of
short matches in syntenic blocks; boxes: pairs of human/mouse syntenic loci from which
gkm-similarity matrices are derived).
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efficiency of whole-genome alignment and resolution of small structural variations (Fig
7.1D; details in chapter 7.4). Lastly, we can further improve conserved enhancer
discovery of gkm-align by incorporating gkm-SVM cell-specific enhancer regulatory

vocabularies (chapter 7.5).

7.2 Optimal computation of gapped-kmer matrix G constructed from

overlapping sliding windows.

At the core of the gkm-align algorithm is computation of sequence similarity between a
pair of DNA sequences (300 base pairs long by default) by their gapped-kmer sequence
composition: G(S;,S,). Using Eq. 4.2 from chapter 4, gkm-similarity of the i** and jt*
sliding windows of S, and Sy, denoted as S ; and Sy, ; (Figure 7.1.A) is computed as the

cosine similarity of their gapped-kmer compositions:

. 9(Su,) - 9(Sm,)
G , =
suswlb ] lgSull - lgSup)l

(eq. 7.1)

Efficient computation matrix G requires efficient computation of g(S;) - g(S;) for any DNA
sequences S; and S,. The first step of reducing gkm-align’s time-complexity is using Eq.

4.5, derived in chapter 4:

ISy |~1+1 |S5|—1+1 (l —my;

g(S§y) - g(Sz) = Z K ),l—kZmij

i=1 ]'1 0 ,l_k<ml]

, Where m;; denotes the number of mismatched base pairs between 9(5:G. D) - 9SG, D).
Gkm-SVM?Z efficiently computes the mismatch profile using a kmer-tree structure. Gkm-

align computes the mismatch profile using SIMD (Single instruction, multiple data) parallel
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computation, which is more efficient for its algorithmic structure (Figure 7.2). For a pair of
human and mouse kmer sequences, gkm-align uses SIMD to compare the two kmers
simultaneously for all base pair positions, and this optimization technique allows gkm-

align’s time complexity to be nearly independent of [ (kmer size).

w =300 bp

| |

Human
sequence ~ ACGCGATACAAGGTTCC ... ATGCGATACAAGGTTCC
Mouse
ATGCGAGACAGGGTTAC ... GTGCCATACAAGGTCCA
sequence
l=11bp
32 characters (AVX2) 2561bits
[ t ] [ |
ACGCGATACAA>>>..>>> |5, 0100000101000011... C{"Z‘:qub;‘s traotihe most
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\ ) = 1= - -
32-lfillers A T
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Figure 7.2. Efficient computation of kmer nucleotide mismatches using SIMD (single instruction
multiple data) parallel computation.

G encodes pairwise sequence similarities of sliding windows from human and
mouse syntenic loci, and computation of G can be significantly optimized by minimizing
redundant computations in Eq. 6.1 coming from overlaps with neighboring sliding windows.
Recall that Sy ; and Sy, ; each represent it" and j'" sliding windows of S, and Sy,. The
algorithm requires that w (sliding window width) is divisible by s (slide step size). Then,
Sy, and Sy ; can each be represented as a concatenated (~) series of contiguous s-mers,

repeating w/s times (Figure 7.3). That is:

Spi = Sg(A+(@—-1)- 5,9)~Sy(1+i-s55)~Sy(A+({+1)- s5,5)~
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~SyA+ (i +w/s—=2) 5,5)

Smuj = Sy +(G -1 5,5)~Sy(A+j:5,9~SyA+(G+1)- 5,5~

~SyA+(G+w/s—=2)- s,5)

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5
Joint 1 Joint 2 Joint 3 Joint 4

2(1-1)

Figure 7.3. Optimizing computation of G deriving from overlapping sliding genomic windows

Before deriving gkm-composition of the above two representations, let's consider the
following observation. Suppose S =S, ~S; , where wy, = |S,|,wg = |Sgl,s = [. Then,
g(8) = g(S4) + g(Sp) since S contains not only subsequences of S, and Sp but also
subsequences that are newly introduced by joining S, and S together. Let's call such

subsequence of S as joint(S,,Sg) = S(wy — 1+ 1,2(1 — 1)). Then,
9(S8) = g(Sa~ Sp) = g(Sa) + g(Sp) + g(joint(Sy, Sp))
Using the same idea, then

gSui) = g1+ —1): 5,5)~S;A+i-s55)~...~SyA1+({+w/s—=2)-5,5)

w/s

=) guA+A+p=2)- 55)
p=1
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w/s—1

+ Z gGoint(Sy(1+({i+qg—2)-55),S4Q+{+g—1)-s,5)))

q=1

, Where the first series computes the total gapped-kmer composition at individual

segments being concatenated and the second series computes the total composition at

the joints. Naming the terms in the first series as segments and those in the second series

as joints for simplicity, we get the following representations for the gapped-kmer

compositions of the human and mouse sliding windows.

w/s w/s—1

9Sue) = ) (@ segment of Sy) + Y g™ joint of Sy,
p=1 q=1
w/s w/s—1

9(Smy) = Z(p”‘ segment of Sy ;) + Z qt" joint of Sm,j
p=1 =1

Dot product of Eq.7.2 and Eq.7.3 is then

9(Sui) - 9(Sm,)

w/s w/s—1

= Z (pfh segment of SH,l-) + Z qi" joint of Sy

p1=1 q1=1
w/s w/s—1

. Z (pi" segment of SMJ-) + Z qt" joint of Sm,j
p2=1 qz2=1
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w/s w/s

= Z z (pfh segment of SH,L') . (péh segment of SMJ-)

p1=1p2=1

+ z Z (pi" segment of Sy;) - (g joint of Sy ;)

w/s—1 w/s

+ z Z (q" joint of Sy;) - (5" segment of Sy ;)

q1=1 pz=1

w/s—=1w/s—1

+ Z 2 (gi" joint of SH,L') . (qﬁh joint of SMJ-)

q1=1 qz=1

(Eq. 7.4)

, Where each of the dot products of gapped-kmer vector is computed using Eq.4.5. The

dot products in Eq 7.4 can then be partitioned into four subsets (according to how they

grouped into the four double series in Eq.7.4) and be organized into a 3D hypermatrix.

2= N(w/s)x(w/s)x4

PY[qy,q2, 1] = g(qi" segment of Sy;) - g(q5" segment of Sy ;)
PY[q4,q3,2] = g(qi" segment of Sy;) - g(q5" joint of Sy ;)
PY[q4,q2,3] = g(qi" joint of Sy;) - g(q5" segment of Sy ;)

PYlqy,q2,41 = g(ai" joint of Su;) - g(as" joint of Sy,;)
Then, Eq.7.4 equivalent to the equation below (Eq.7.5).

w/s w/s 4

g(SH,i) 'g(SM,j) = Z Z z Pij[‘h:‘lz:k] -1(q1, 92, %)
q1=1q,=1k=1
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Where 1(q4,q,, k) is a Boolean function enforcing the index ranges of the double series

in Eq.7.4.
1 k=1
1 iffq<w/s k=2
1(q1, 92, k) 1 iffq<w/s k=3
1 iffquq<w/s k=4

Note that the entries of PY are redundantly shared with P*¥ from neighboring pairs of
sliding windows (e.g., P¢—1J piG-1) p(i-1)(-1) etc.). Define matrix P, which has every P¥
as its submatrices and non-redundantly contains all the entries of PY for all it"* and jt"

sliding windows.

p e NUSul/)x(Sml/s)x4

PI(i =1 +q1,(G—1) +q:1=P"[q1,q,:], where 1 < q;,q, Sw/s
which leads to:
P[(—1) +4q5,(— 1) +0az,1] = g(qi" segment of Sy;) - g(q3"segment of Sy ;)
P[(—1) +qy, (G~ 1) +qz,2] = g(qi" segment of Sy;) - g(a5"joint of Sy,;)
P[(—1) +qy, (G~ 1) +0az,3] = g(qf" joint of Sy;) - g(q5"segment of S, ;)
P[(i— 1) +q1, G— 1) +qz,4] = g(af" joint of Sp;) - g(q5"joint of Sy,
Finally, Eq.7.5 is equivalently and more compactly expressed as:
w/s w/s 4
9(Suy) - Q(SM,]') = Z Z Z Pl[i—1)+qy,(—1) +qz k] - 1(q1,q2, k)
q1=1q,=1k=1
(Eq. 7.5)
The matrix P contains all necessary and sufficient information for computing Gs,, s,, [i, j] for

all pairs of it" and j* sliding windows of S;; and S,. It contains gapped-kmer similarities
J g
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of all pairs of atomic fragments of Sy and S, that can be combinatorially summed to
compute each element of G, 5, . Each element in P is non-redundantly computed and
stored. P is initialized to be a matrix of -1, and its elements are replaced with a non-
negative number while computing G. For example, P[1,2,1] is needed both for computing
9(Sy1,Sm1) (Viai,j,q1,q92 = 1,1,1,2) and for computing g(Sy 1,Sm2) (via i,j,q_1,q.2 =
1,2,1,1), but it is computed once while computing g(Sy1) - 9(Sm,1)- All elements of P are
computed once and stored during the course of computing G, and they are accessed when
they are needed for computing other elements of G. This optimization makes the time-

complexity of gkm-align nearly independent of the sliding window width (w).

Hence, Eq 7.5 gives gkm-align algorithm the time-complexity independent of both [
(gapped-kmer width; through SIMD) and w (window width). It is dependent on the sizes of

the genomes and sizes of the human-mouse syntenic blocks (Figure 7.1.D; chapter 7.4).

7.3 Finding the optimal alignment path of maximum gapped-kmer

similarity using matrix ¢

After computing matrix G, as described in chapter 7.2, we can now compute the
optimal collinear alignment path spanning the human and mouse genomic loci at the
resolution of sliding windows. Resulting alignment path is a collinear sequence of pairs of
human and mouse genomic windows that most likely contain conserved DNA elements

inherited from the human-mouse common ancestor.

Provided with matrix G € [0,1]™*" that contains pairwise sequence-similarities of
every pair of sliding windows in S and S,,, we define a collinear path of sliding windows

as a sequence of matrix indices. The matrix indices are eventually converted to human-
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mouse genomic coordinates for gkm-align output. P = ((il,jl), (iz)j2) -or) (i|P|,j|P|)), such

that

Lo () = (1)
i.  (ippip) = (myn)
ii. (ik+1'jk+1) - (ik)jk) € {(1;1);(1;0); (011)}

iv. p=q- ip=igandj, = j,

where (iy41,jk+1) — Uk Jji) € {(1,0),(0,1)} indicates insertion or deletion events in Sy or

Sy relative to each other.

To find the most likely path that describes the evolutionary history between Sy and S,,, we
use a variant of the Smith-Waterman algorithm. To find the optimal path P, we score all

possible paths satisfying [i-iv] as follows:

|P|

f(P) = Z G(P()—a- I

q=1

where [ is the number of indel events in P.

I = |{k € 1.. |P| -1 (ik+1'jk+1) - (ikﬁjk) € {(1,0), (0'1)}”

It is difficult to choose a stable value for a since it depends on the parameters used for
computing the sequence similarities, such as the width of the sliding windows (w) and [
and k for the gapped-kmer definition. To choose a independent of (w,[, k), we Z-

transform matrix G so that

P .
f(P)zzm_a.,

g,
a=1 G
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(Eq.7.6)

Z-transforming also has an additional advantage of normalizing sequence similarities
relative to local background sequence similarities, which are variable by loci, for example,
by GC contents. Globally optimal P for a given G is then efficiently identified using dynamic
programming.

optimal alignment path spanning Sy and Sy

argmaxp f (P)

|P|
G(P(@))—

O¢g

a=1

|P| ,
= argmaxp ZM Jifa=0

g,
a=1 G

(Eq.7.7)

7.4 Whole-genome extension of gkm-align

Chapter 7.1-7.4 explained how local gkm-alignment is performed Figure 7.1A-C
given that the human-mouse syntenic blocks of interest are specified (visualized as the
rectangles in Figure 7.1D). Here, we discuss how gkm-align is extended genome-wide.
The essence of whole-genome extension is the identification of human-mouse syntenic
blocks. Most conventional genome-alignment methods?'22'%0 identify syntenic blocks by
(1) identifying short sequence matches between human and mouse genomes (2) and

chaining the matches based on their genomic coordinates. Gkm-align adopts this idea.

First, we obtained short sequence matches (\textit{seed hits}) between human and

mouse using LASTZ (v1.04.04; options: --notransition --step=1 --gfextend --nochain --
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nogapped) (visualized by the dots in Figure 7.1D). Then, to focus on conserved gene
regulatory circuits, we filtered out seed hits that are not located within any human/mouse

syntenic intergenic locus identified using the ENCODE gene ortholog list'®.

7.5 Enhanced discovery of conserved enhancers by incorporating cell-

specific regulatory vocabularies

We can further enhance discovery of orthologous enhancer pairs using sequence-
based machine learning models. Gkm-SVM models can distinguish enhancers from
random genomic background, and their prediction values for each human and mouse

elements can be weighted into sequence similarity matrix G to enhance alignment.

Recall that sequence similarity between it" and j** slidindg windows of sequences Sy

and Sy, (denoted as Sy ;, Sy,;) is computed as

o 9(ui) - 9(Suy)
G il =
SHSm [l ]] ||g(SH,l)|| : ”g(SM,J)”

Then, gkm-SVM weighted sequence similarity is computed as

(o4
GSH,SM [i,j] « GSH,SM [i;j](l_c) : (PM(SH,i) : PH(SM,j))
(Eq.7.8)

where Py, and Py are enhancer prediction functions (P:sequence — [0,1]) trained on
mouse (M) and human (H) enhancers. Higher ¢ € [0,1] indicates higher influence of

enhancer predictions on alignment.
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One limitation of directly incorporating gkm-SVM predictions to gkm-align is that
these values are not bounded, limiting interpretable application for genome alignment.
Instead, we transform the prediction values to range between 0 and 1 by computing the
posterior probability that a sequence is an enhancer. This is done by computing gkm-SVM
score distributions for enhancers and non-enhancers (i.e., positive and negative training
sets used for gkm-SVM enhancer training; prediction scores computed with 5-fold cross

validation)
mug,y = E (pred(Xpos)) , 04y = Var (pred(Xpos))

muc_y =E (pred(Xneg)) , 0?_) = Var (pred(Xneg))

Assuming that priors for finding positive and negative sequences are equal, we compute

posterior gkm-SVM prediction score of a given sequence X with

P
pred(X)) =P+ PO € [0,1],

1 pred(X) — e
Py = == ("7
2mot,, )
1 <pred(X) — u(_)>
exp| —————

2
/2110%_) 20(‘)

pred(X) is computed using Eq.4.7, summing up kmer-weights of every kmer contained in

ngm X)=P (X € Xpos

Py =

X.
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7.6 Detecting and masking repetitive elements using gkm-SVM

Without masking repetitive DNA elements, Matrix G is riddled with sequence
similarities coming from high-entropy repetitive elements that are prevalent across the
human and mouse genomes (mostly simple low-complexity repeats; Fig 6.2). Hence, a
method to underweight sequence similarities coming from repetitive elements is crucial

for reliable genome alignment.

One intuitive solution is to use principal component analysis on the rows and
columns of G to automatically detect elements in S, that are similar to many elements in
Sy and vice versa. However, such a method is computationally too inefficient to apply
genome-wide. Instead, we can again use sequence-based machine learning methods (e.g.
gkm-SVM) to learn patterns of DNA sequences that are highly populated in the human
and mouse genomes, and use the model to detect and filter out repetitive elements in

linear time.

We first train gkm-SVM, separately for human and mouse, on randomly sampled
genomic windows (300 base pairs wide) outside regulatory regions (e.g., union of DHS
across all ENCODE experiments) against randomly generated sequences such that each
base pair has equal probabilities of being A,C,G, or T. This results in a kmer-weight vector,
where kmers with high weight are significantly enriched in the genome more than expected

by chance (Fig 6.2; e.g., ATATATATATA).

In order to detect base pairs that highly contribute to repetitiveness observed in
matrix G, we compute repeat scores of each base pair in the genome by summing up
kmer weights of kmers that overlap with the base pair. For i** base pair in sequence S, its

repeat score is computed as

r(SHD = Xheicksr Wsijky
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where k = kmer size. Using this function, we can compute repeat scores for each base
pair across the entire genome, and mask base pairs that receive repeat scores above a
certain threshold, determined by the percentage of the genomic base pairs that we target
to mask. For gkm-align, we used a repeat score threshold that would mask approximately
10 percent of the human and mouse genomes. Base pairs that surpass the estimated
threshold are masked by replacement with random characters. They are replaced with
ASCII characters excluding (A, C, G, T) in order to nearly eliminate the chance that the
newly introduced characters contribute any artificial sequence similarities. After repeat
masking, we compute matrix G as described in chapter 7.2, compute optimal alignment
paths using G (chapter 7.3), and repeat this process across every human-mouse syntenic

blocks (chapter 7.4) for whole-genome alignment.

7.7 Discussion

In this chapter, | provided detailed description of the gkm-align algorithm, including
optimization techniques | applied to reduce its time-complexity. The source code (C++) of

gkm-align is accessible through the github page: https://github.com/oh-jinwoo94/gkm-

align. | also included a detailed instruction of how to use gkm-align for genome-alignment,
which can be used to map enhancers conserved between human and mouse. Gkm-align
may be used to map DNA elements other than enhancers, although its performance has

been evaluated only in the context of regulatory elements.
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Chapter 8

Discussion

The initial drafts of the human genome revealed that only around 1% of the
genome codes protein-coding genes'3'3! with largely unknown biological function for the
rest of the genome. Elucidating the role of the non-coding genome has been a major focus
of the ENCODE (Encyclopedia of DNA Elements) consortium®282. Over the past two
decades, the consortium has mapped around 1 million human and mouse putative cis-
regulatory elements using biomarkers associated with regulatory activities, which has
revealed that a large fraction of disease-associated variants are enriched in regulatory
elements’. A growing body of work is revealing that variation in intergenic regulatory
elements contributes to cancer progression, heterogeneity, severity, and response to
treatment'®'-1%, Despite the significant medical implication, mapping individual enhancers
to their biological functions has been difficult. For example, identifying an enhancer’s
target promoter is difficult as enhancers are often distal to their target promoters, often
skipping multiple genes'?-'*. Also, many human genes are regulated by complex networks
of transcription factors (TF) and by multiple enhancers, and it is unclear how such network
properties affect phenotypes and how their disruptions cause disease®'>'®. Further,
testing human regulatory elements through mouse models is challenging, especially for
distal enhancers. Due to both rapid evolution and sequence complexities of enhancers,
only a small fraction of human enhancers is mappable to the mouse genome with
conserved regulatory activities using conventional computational methods?%-221%,
Overcoming the challenges imposed by the regulatory and sequence complexities of

enhancers has been our main scientific pursuit.
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First, we had extensive collaboration through the ENCODE consortium to
functionally characterize diverse gene regulatory elements using CRISPR, and have
generated the largest public database for CRISPR screens to date!®! (chapter 3). We
epigenetically perturbed a total of 20 megabases of the human genome across 16 human
cell lines and quantified the cellular phenotypic impacts. The large-scale genomic
perturbations were achieved by utilizing pooled CRISPRi screen methods, which deliver
to cell populations numerous guide RNAs targeting many putative regulatory elements in
parallel. The delivered guide RNAs recruit catalytically-dead Cas9 proteins attached with
a repressor domain (dCas9-KRAB; CRISPRi') to the target loci. The infected cells are
sorted based on their perturbed phenotypes such as gene expression'®®'%* and
proliferation rate''*'32, and subsequently sequenced for guide enrichment. Through
quantitative analysis of the CRISPR database, we showed that CRISPR screens
reproducibly generate phenotype-perturbation signals and accurately recover well-
characterized distal enhancers (e.g., GATA1 enhancers in K562 cancer cells). Using a
known set of regulatory elements, we quantitatively modeled CRISPR experiments to
generate an experimental guideline for conducting high-quality CRISPR screens with
minimal sequencing depth and cell coverage. Lastly, we discovered previously unreported
properties of CRISPR perturbation, including the strand-specific effect of perturbing gene-
bodies with CRISPRIi. These findings have significant implications for designing future
CRISPR screens of regulatory elements. Together, we presented a public database of
CRISPR screens and also uncovered important properties of CRISPR screens that will
facilitate future production of CRISPR screens for functional characterization of gene

regulatory elements.

¥l Oh, J.W., Yao, Tycko, Bounds, Gosai, Lataniotis, . et al. Multicenter integrated analysis of noncoding
CRISPRI screens. Nature Methods (2024)
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Next, we conducted a CRISPRI screen to identify distal enhancers responsible for
driving the differentiation of embryonic stem cells (ESC) into definitive endoderm (DE )1
(chapter 3). We screened 394 putative enhancers near the core TFs of ESC (OCT4,
SOX2, NANOG) and DE (EOMES, SOX17, GATAG6, MIXL1), and quantified the degree to
which perturbation of each putative enhancer reduces the ESC-DE differentiation rate. We
found that detection of enhancers involved in cell differentiation is temporally sensitive. At
mid-transition timepoint (36 hours; DE-36h), we identified 29 enhancers that significantly
reduced the cell-transition rate when perturbed with CRISPRIi. However, with sufficient
amount of time of DE state induction (Activin-A treatment for 72 hours; DE-72h), most of
the CRISPRI perturbations targeting the 29 enhancers had weak effect on ESC-DE
differentiation rate. This observation implies that CRISPRI perturbation of the enhancers
leads to only a time-delay in cell-state transition, with little impact post-transition. Based
on this observation, we developed mathematical models that closely mimic and explain
the cell-transition dynamics revealed through the CRISPR screen. Further, using the
enhancer CRISPR screen data, we developed a CTCF-loop based machine learning
method for predicting enhancer-promoter interaction, which outperformed previous
methods based on Hi-C contact frequency'®. Together, we discovered the regulatory
process driving the ESC-DE differentiation, and also presented a generalizable strategy
that combines CRISPR functional characterization and mathematical modeling for

discovering enhancers and elucidating mechanisms of cell-state transition.

Lastly, to facilitate functional characterization of human enhancers through mouse

models, we developed a novel genome-alignment algorithm for improved mapping of

[0 Luo, R., Yan, J., Oh, J.W. et al. Dynamic network-guided CRISPRi screen identifies CTCF-loop-
constrained nonlinear enhancer gene regulatory activity during cell state transitions. Nature Genetics 55,
1336-1346 (2023).
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conserved distal enhancers!'!! (chapter 4-7). Our previously developed machine learning
model, which uses gapped-kmer sequence features (gkm-SVM?3*23), have shown to
effectively model enhancer sequences® and accurately predict gene expression?®. Gkm-
SVM encodes sequence motifs prevalent in enhancers in a kmer-weight vector, where
kmers associated with TF binding are assigned higher weights. Gkm-SVM kmer-weight
vectors, or enhancer vocabularies, are highly conserved between human and mouse in a
highly cell-specific manner, implying that cell-specific TF expression and binding patterns
associated with enhancers are highly (chapter 4). In contrast, enhancers appear to be
weakly conserved, as orthologous mouse enhancers mapped from human enhancers
using conventional genome-alignment algorithms often lack conserved regulatory
activities?°221%° (chapter 5). To improve the identification of conserved enhancers, we
developed a novel genome-alignment algorithm, gkm-align using gapped-kmer sequence
features (chapter 7). To evaluate gkm-align, we generated a list of 45 orthologous human
and mouse cell/tissues from >1,000 ENCODE DNase-seq experiments, and showed that
gkm-align can discover more than 20,000 conserved enhancers previously unidentifiable
with conventional computational methods (chapter 6). For example, we identified a
conserved intronic enhancer of OTUD7A, a gene that is associated with schizophrenia
and epilepsy in human'®"'% and causes cortical neuron deformation and seizure-events
in OTUD7A knockout mice'82. During the evaluation process, we observed a surprisingly
high level of cell-specificity in enhancer conservation, largely explainable by cell-specific
association with transposable elements. The cell-specific pattern of enhancer
conservation is consistent with the cell-specific pattern of conservation in gene expression
between human and mouse. Despite the addition of novel conserved enhancers using

gkme-align, the overall enhancer conservation levels remained low. This observation was

[ Oh, J.W., and Beer, MA. Gapped-kmer sequence modeling robustly identifies regulatory vocabularies
and distal enhancers conserved between evolutionarily distant mammals. bioRxiv (2023; under review)
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also confirmed using alignment-free analysis, suggesting that rapid enhancer evolution is
a fundamental property of mammalian evolution. Using gkm-align, we published an
expanded catalogue of conserved enhancers, which we believe will streamline functional
characterization of human enhancers, and | aspire to contribute to advancements in the

diagnosis and treatment of regulatory diseases through our research efforts.
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