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ABSTRACT

SISI YUAN. Landscape and Architecture of cis-regulatory Modules and Prediction of Their
Functional Types, States and Target Genes (Under the direction of DR. ZHENGCHANG SU)

Cis-regulatory modules (CRMs) can function as enhancers and/or silencers to promote and repress,
respectively, the transcription of their target genes in a spatiotemporal manner, thereby playing
critical roles in virtually all biological processes. However, despite recent progresses, the
understanding of CRMs’ precise locations, landscape and architecture in terms of transcription
factor binding sites (TFBSs) in the genomes as well as their functional types (enhancer or silencer),
states (active or inactive) and target genes in various cell/tissue types of organisms is still limited.

We have recently predicted comprehensive maps of CRMs and constituent TFBSs in the
human and mouse genomes, enabling us to investigate the organization and architecture of the
CRMs in both genomes. We reveal common rules of the organization and architecture of CRMs
in the genomes. We conclude that the rules governing the organization and architecture of CRMs
in the human and mouse genomes are highly conserved.

Moreover, until recently research has long been focused on enhancers, and much less is
known about silencers. To fill the gap, we develop two logistic regression models for predicting
the functional states of our previously predicted 1.2M CRMs as enhancers and silencers in any
cell/tissue types using five epigenetic marks data. Applying the models to 56 human cell/tissue
types with the required data available, we predict that 793,140 of the 1.2M CRMs are active as
enhancers or/and silencers in at least one of these cell/tissue types, of which 14.8% and 28.6% of
them only function as enhancers (enhancer-predominant) and silencers (silencer-predominant),
respectively, while 10.6% functioned both as enhancers and silencers (dual functional). Thus, both
dual functional CRMs and silencers might be more prevalent than previously assumed. Most dual

functional CRMs function either as enhancers or silencers in different cell/tissue types (Type I),



v
while some have dual functions regulating different genes in the same cell/tissue types (Type II).
Different types of CRMs display different lengths and TFBS densities, reflecting the complexity
of their functions.

Furthermore, identifying their target genes of predicted or experimentally validated CRMs
remains a challenge due to the low quality of the predicted CRMs and the fact that CRMs often do
not regulate their closest genes. To fill this gap, we developed a method — correlation and physical
proximity (CAPP) to not only predict the CRMs’ target genes but also their functional types using
only chromatin accessibility (CA) and RNA-seq data in a panel of cell/tissue types plus Hi-C data
in a few cell types. Applying CAPP to a panel of 107 human cell/tissue types with CA and RNA-
seq data available, we predict target genes for 20% of the 1.2M CRMs, of which 4.5% are predicted
as both enhancers and silencers (dual functional CRMs), 95.2% as exclusive enhancers and 0.3%
as exclusive silencers. Different types of CRMs as well as their target genes and regulatory links
exhibit distinct properties. CAPP predicts more enhancer-gene and silencer-gene links with higher

accuracy than state-of-the-art methods.
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Chapter 1
INTRODUCTION

Approximately 99.5% of genomes among human individuals are identical at the single nucleotide
level(1), suggesting that the remaining 0.5% of genetic variation, mostly located in non-coding
regions(2, 3), might account for the diverse phenotypes within the human populations.
Consistently, genome-wide association studies (GWAS) have unveiled that nearly 90% of single
nucleotide polymorphisms (SNPs) associated with complex diseases or phenotypes reside in non-
coding regions(4). This underscores that disparities in phenotypes and disease susceptibilities
across individuals primarily stem from variation within non-coding regions, particularly those that
disrupt transcription factor (TF) binding sites (TFBSs) in cis-regulatory elements (CRMs) located
predominantly in non-coding regions(5-8).

CRMs play critical roles in virtually all biological processes, from cell differentiation to
physiological homeostasis, pathogenesis and evolution by regulating transcription of genes in
various cell/tissue types, thereby rendering their types and functions(9, 10). Thus, specific binding
of TFs to their cognate TFBSs within enhancers and silencers can facilitate and repress the
recruitment of RNA polymerase to the promoters of target genes, resulting in upregulation and
downregulation of gene transcription, respectively(11, 12), in a cell/tissue specific manner.
Moreover, binding of CTCF TF to its cognate sites within insulators establishes boundaries
between topologically associating domains (TADs), preventing cross-regulation of CRMs in a
TAD(13). Cellular specificity of CRMs is largely established by unique epigenetic modifications
of CRMs in different cell types by altering the accessibility and binding affinity of TFs to their
cognate binding sites(14, 15). Therefore, to fully understand the functions of CRMs, one needs to
not only precisely locate their locations in the genome and understand their landscape and

architecture in terms of TFBSs, but also to characterize their functional types (mainly enhancers



and silencers), states (active or inactive) and target genes in various cell/tissue types of the
organism. However, only a small portion of CRMs (mostly enhancers) in genomes have been fully
characterized in all these three aspects due to the difficulty to study them using traditional
molecular biology methods(16).

The landscape of CRMs and their architecture in terms of constituent TFBSs is a
fundamental aspect of genomics and molecular biology. Understanding these elements is crucial
for unraveling the intricacies of gene regulation, revealing how genes are turned on and off in
different contexts, and how these processes contribute to various biological functions and disease
mechanisms. Despite significant advancements in high-throughput techniques of chromatin
immunoprecipitation sequencing (ChIP-seq), a comprehensive map of CRMs and TFBSs in
genomes remains elusive. This limitation has hindered the exploration of the precise organization
and distribution of CRMs across the genome. Furthermore, current methods often fail to accurately
predict the TFBSs within CRMs, limiting our understanding of the mechanisms underlying
transcriptional regulation. The lack of highly accurate and comprehensive CRM maps has led to
contradictory findings in the literature regarding the distribution and organization of these
elements. For instance, while some studies(17) suggest that candidate cis-regulatory elements
(cCREs) tend to cluster in regulatory islands, others(18) propose that enhancers are more evenly
dispersed across extensive genomic regions. Recent efforts, including our work(19-21), have made
strides in predicting more comprehensive maps of CRMs and their constituent TFBSs using
available TF ChIP-seq data from various cell and tissue types. These advancements position us to
better analyze the landscape and organization of CRMs in genomes, uncovering the underlying

rules of their organization and architecture.



CRMs, classified as enhancers, silencers, promoters and insulators based on their effects
and roles in transcriptional regulation, often exhibit on-off switches in functional states across
different cell/tissue types(9, 10). Particularly, specific TFs binding to cognate binding sites in an
enhancer or a silencer can facilitate or prevent, respectively, the recruitment of RNA polymerase
to the promoter of the target gene, thereby upregulating or downregulating transcription of the
gene, respectively(11, 12). Epigenetic modifications of CRMs within diverse cell types can
influence the accessibility and binding affinity of TFs to their cognate binding sites. Consequently,
this dynamic interplay among TFs, TFBSs, RNA polymerase and epigenetic modification systems
contributes to distinct spatiotemporal expression patterns of genes in various biological processes
across different cell/tissue types(14, 15). The recent availability of enormous functional and
epigenomic data in various cell/tissue types in well-studied organisms have provided an
unprecedented opportunity to predict loci of enhancers and silencers in the genomes and their
functional states in various cell/tissue types of the organisms. Most of these methods attempt to
simultaneously predict the loci of CRMs and their functional states in a cell/tissue type using
multiple epigenetic marks such as chromatin accessibility (CA) assayed by either DNase I
hypersensitive sites sequencing (DNase-seq)(22-24) or assay for transposase-
accessible chromatin using sequencing (ATAC-seq)(25), and histone marks assayed by ChIP-
seq(26). Although conceptually appealing, these one-step methods result in high false discovery
rate (FDR)(19, 27-32) since CA and histone marks, though informative, are not specific marks for
active enhancers or silencers(29, 30, 33). Additionally, it has been shown that TF binding data are
more informative for identifying loci of CRMs than epigenetic data(29-33), suggesting a two-step
approach: first locating CRMs using TF data and then predicting functional types including

silencers and states using epigenetic data.



In recent years, advancements in high-throughput techniques such as Hi-C(34) and
chromatin interaction analysis with paired-end-tag sequencing (ChIA-PET)(35), along with
clustered regularly interspaced short palindromic repeats (CRISPR) technologies such as CRISPR
activation (CRISPRa) and CRISPR interference (CRISPRi) have provided insights into the
regulatory relationships between enhancers, silencers, and their target genes across various cell
and tissue types. However, identifying precise CRM-gene regulations remains challenging due to
limitations in data resolution and the complexity of regulatory interactions. Therefore,
experimental determination of target genes of CRMs on a genome-wide scale remains an ongoing
challenge. To address this challenge, various computational methods have emerged in recent years,
including score-based(36, 37), correlation-based(38-40) and machine learning methods (40-44),
in past few years, aiming to predict target genes of putative enhancers and silencers. However,
these methods are also limited, since in the absence of a precise and comprehensive CRM map in
the genome, they aim to predict target genes for specific genomic regions marked by distinct
epigenetic modifications. Besides, though these methods have provided some valuable insights,
they face constraints due to the arbitrary selection of flanking regions around putative CRMs; the
inconsistence of experimentally validated training sets introduces noise and potentially influence
prediction accuracy for machine learning methods. In response, we proposed a new method termed
correlation and physical proximity (CAPP), which leverages our predicted CRMs as well as their
functional states while considering regulatory interactions within TADs.

1.1 Organization
The remainder of this dissertation is structured as follows. In Chapter 2, we analyze the landscape
of CRMs and the architecture of their constituent TFBSs in both the human and mouse genomes

and reveal the common rules of their organizations. In Chapter 3, we use two logistic regression



(LR) models using distinct features to predict the functional types (enhancers or silencers) and
states (active or inactive) of CRMs. In Chapter 4, we use our target gene prediction method, CAPP,
to predict both the target genes as well as the functional states of these CRMs. We finally conclude

this dissertation in Chapter 5.



Chapter 2
COMMON RULES OF THE ORGANIZATION AND ARCHITECTURE OF CRM:s IN
THE HUMAN AND MOUSE GENOMES

2.1 Introduction

Annotating all CRMs in genomes is essential for understanding genome functions and its
evolutionary history. Despite significant progress made in the two last decades with the
development of techniques like ChIP-seq and others, this task remains incomplete(45). Indeed, the
degree to which the human genome is deemed functional is actively debated within the scientific
community(46, 47). The main source of contention arises from the challenge of precisely
delineating the locations and thus the proportion of functional non-coding sequences in the genome,
particularly CRMs, which have been estimated to span from 8% to 40% of the genome(46, 47).
Additionally, estimates of the number of CRMs in the human genome vary widely, from
400,000(46) to over a million(45). Similarly, systematic annotation of CRMs in the well-studied
mouse genome is still in its early stages, despite significant efforts made by large consortia such
as ENCODE(48, 49) and individual research laboratories(50, 51). Furthermore, current methods
often fail to accurately predict the TFBSs within CRMs, hindering the understanding of the
intricate mechanisms of transcriptional regulation in vital biological processes.

Moreover, how CRMs are distributed and organized in genomes and their relationships
with target genes in linear DNA are fundamental issues in understanding their functions, as such
information provides crucial insights into the complexities of gene regulation and mechanisms of
gene activation and repression in various biological contexts. However, our understanding of the
genomic landscape of CRMs remains limited due to the lack of highly accurate and comprehensive
maps of CRMs in genomes. Consequently, contradictory findings have been reported in the

literature. For instance, the ENCODE project(17) observed a pronounced nonuniform distribution



of so-called cCREs within ENCODE regions, and thus proposed that cCREs tended to cluster in
certain regions, forming regulatory islands, while other regions were relatively devoid of
regulatory elements, forming regulatory “deserts”. On the contrary, other researchers(18) have
reported that enhancers are dispersed across extensive regions rather than clustering around genes.

Furthermore, at a finer resolution, a CRM consists of clusters of TFBSs interspersed with
spacer sequences(52). TFBSs serve as docking sites for cognate TFs, facilitating either the
activation or repression of target gene transcription in a highly context-specific manner. TFBSs
of different TFs may overlap(53), forming TFBS islands within CRMs. The regions between these
TFBS islands, known as inter-TFBS spacers, are recognized as playing crucial roles in gene
regulation. For instance, studies have demonstrated that these spacers can influence the
conformation of specific regions such as the DNA-binding surface, the “lever arm” and the
dimerization interface of the rat glucocorticoid receptor DNA binding domain(54), highlighting
their functional relevance in modulating TF activities. Moreover, it has been shown that
modification of spacers in synthetic elements can alter gene expression, supporting the idea that
the flanking regions of TFBS islands play a significant role in determining cis-regulatory
activity(55). However, no genome scale study on the inter-TFBS spacers has been conducted due
to the aforementioned reasons, to our best knowledge.

As a continued effort, we have recently predicted unprecedentedly comprehensive maps of
CRMs and their constituent TFBSs from 85.5% of the human(19, 20) and 79.9% of the mouse(21)
genomes using available TF ChIP-seq data from various cell/tissue types of each species. The
availability of these CRM and TFBS maps well-positioned us to analyze the landscape and
organization of the CRMs in the genomes as well as their architecture in terms of TFBSs, thereby

uncovering the underlying rules of the organization and architecture of CRMs.



2.2 Results

2.2.1 The total lengths and numbers of CRMs on chromosomes are strongly correlated with
both the numbers of genes on and the sizes of chromosomes

We first examined the distributions of the 1.2M and 0.8M CRMs, alongside 63,133 and 55,361
annotated genes, across the autosomal and sex chromosomes of the human (hg38) and mouse
(mm10) genomes, respectively. Both the numbers and total lengths of CRMs on chromosomes are
strongly correlated with the chromosome sizes as well as with the numbers and total lengths of
genes on chromosomes for both humans (Figure 2-1A) and mice (Figure 2-2A). Expectedly, the
numbers and total lengths of CRMs on chromosomes also are strongly correlated with each other
(Figures 2-1A and 2-2A), as both the number and total length of CRMs on a chromosome in both

species are proportional to the chromosome’s size.
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Figure 2-1. The landscape of CRMs and genes on the chromosomes, in sliding windows of 10° bp
with a step size of 10° bp along the chromosomes and in TADs and non-TADs in the human
genome. A. Heatmap of correlations among genome sizes, numbers of CRMs and genes on
chromosomes, and total lengths of CRMs and genes on chromosomes. B. Manhattan plot of the
normalized lengths of CRMs in sliding windows along the chromosomes. C. Manhattan plot of
the normalized numbers of CRMs in sliding windows along the chromosomes. D. Manhattan plot
of the normalized lengths of genes in sliding windows along the chromosomes. E. Manhattan plot
of the normalized numbers of genes in sliding windows along the chromosomes. F. Percentages
of the genome length, and numbers of CRMs and genes, covered by TADs. G. Correlation between
the numbers of CRMs and the numbers of genes within TADs. H. Correlation between the numbers
of CRMs and the numbers of genes within non-TAD regions.

2.2.2 CRMs and genes are unevenly but correlatedly distributed along chromosomes

To explore the distributions of CRMs and their relationships with those of genes along
chromosomes, we analyzed the total lengths and numbers of CRMs as well as of genes within a
sliding window of 10 bp with a step size of 10> bp along each chromosome of the human genome.

We then converted the total lengths and numbers of CRMs as well as of genes in each window
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into corresponding z-scores with the null hypotheses that the total lengths and numbers of CRMs
as well as of genes are evenly distributed along the genome (Materials and Methods). Among the
30,678 sliding windows along the human genome for a window size of 10° bp, a considerable
portion (20,217/65.9% and 7,081/23.1%) showed enrichment (z > 5.2) for the lengths and numbers
of CRMs (Figures 2-1B and 2-1C, Supplementary Table S2-1), suggesting the presence of CRM-
rich islands. Conversely, many windows (9,920/32.3% and 3,919/12.8%) exhibited depletion (z <
-5.2) for the lengths and numbers of CRMs, indicating the existence of CRM deserts. For genes, a
substantial number of windows are enriched for the lengths (z > 5.2: 17,962/58.6%) and numbers
(z > 5.2: 4,947/16.1%), while many others are depleted of the lengths (z < -5.2: 12,547/40.9%)
and numbers (z < -5.2: 4,673/15.2%) (Figures 2-1D and 2-1E, Supplementary Table S2-1),
suggesting an uneven distribution of gene along chromosomes, forming islands or deserts of genes.
Notably, there are more than twice as many CRM and gene islands as well as deserts measured by
their lengths as measured by their numbers. The results using a sliding window of 107 bp with a
step of 10° bp (Figure 2-3 and Supplementary Table S2-2) support these findings. Additionally,
CRMs and genes in sliding windows are strongly correlated in their lengths and numbers (Figure
2-4), indicating the simultaneous enrichment or depletion of CRMs and genes within the same
sliding windows, aligning with the previous report by ENCODE(17) that CRMs are clustered
around the genes. Similar observations were made in the mouse genome (Figures 2-2B to 2-2E, 2-

5, 2-6 and Supplementary Tables S2-3, S2-4).
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Figure 2-2. The landscape of CRMs and genes on the chromosomes, in sliding windows of 10° bp
with a step size of 10° bp along the chromosomes and in TADs and non-TADs in the mouse
genome. A. Heatmap of correlations among genome sizes, numbers of CRMs and genes on
chromosomes, and total lengths of CRMs and genes on chromosomes. B. Manhattan plot of the
normalized lengths of CRMs in sliding windows along the chromosomes. C. Manhattan plot of
the normalized numbers of CRMs in sliding windows along the chromosomes. D. Manhattan plot
of the normalized lengths of genes in sliding windows along the chromosomes. E. Manhattan plot
of the normalized numbers of genes in sliding windows along the chromosomes. F. Percentages
of the genome length, and numbers of CRMs and genes, covered by TADs. G. Correlation between
the numbers of CRMs and the numbers of genes within TADs. H. Correlation between the numbers
of CRMs and the numbers of genes within non-TAD regions.
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size of 10° bp along the chromosomes of the mouse genome. A. Manhattan plot of the normalized
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Figure 2-6. Relationships between the lengths or numbers of CRMs and those of genes in sliding
windows in the mouse genome. A. Relationship between the lengths of CRMs and those of genes
in sliding windows of 10° bp. B. Relationship between the numbers of CRMs and those of genes
in sliding windows of 10° bp. C. Relationship between the lengths of CRMs and those of genes
in sliding windows of 107 bp. D. Relationship between the numbers of CRMs and those of genes
in sliding windows of 107 bp.

2.2.3 The numbers of CRMs and genes within a TAD exhibit stronger correlation than those
in non-TAD regions

TADs typically manifest at the sub-megabase scale, and CRMs predominantly regulate genes
within the same TADs(56). After demonstrating the correlation between the occurrences of CRMs
and genes along chromosomes in both genomes, we explored the relationships between the
numbers of CRMs and genes within TADs. As depicted in Figure 2-1F, TADs cover 89.4% of the
human genome, yet they contain 96.2% of the CRMs and 93.0% of the genes in the genome,
indicating an enrichment of CRMs and genes within TADs compared to non-TAD regions. We
observed a similar trend for the numbers of CRMs, but not for the number of genes, in the mouse

genome (Figure 2-2F). Interestingly, the numbers of CRMs and genes within both TADs and non-
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TAD are correlated; however, the correlation in TADs is significantly higher (Fisher’s z test:
p<0.001) than that in non-TAD regions in both the human (Figures 2-1G and 2-1H) and the mouse
(Figures 2-2G and 2-2H) genomes. The results indicate stronger dependency between the numbers

of CRMs and genes in TADs than in non-TAD regions.

2.2.4 Both our CRMs and experimentally validated regulatory elements are slightly biasedly
distributed downstream of their nearest transcription start sites (TSSs)

Although not every enhancer regulates their nearest genes, a considerable portion of them do(57).
It also is unknown whether CRMs are preferentially located upstream or downstream of their
nearest TSSs. We therefore analyzed the distributions of the distances between the middle points
of our CRMs and their nearest TSSs (middle point distance, d,,,, Materials and Methods) while
taken the orientations of the TSSs in consideration, such that a negative d,,, indicates an upstream
middle point and a positive d,,, a downstream middle point. We compared the results with those
of experimentally validated FANTOM promoters(58), FANTOM enhancers(59), and VISTA
enhancers(60) in both the human and mouse genomes. In both genomes, FANTOM promoters
(n=184,326 for humans, Figures 2-7A1 and 2-7B1; and n=164,421 for mice, Figures 2-7C1 and 2-
7D1), FANTOM enhancers (n=32,684 for humans, Figures 2-7A2 and 2-7B2; and n=49,797 for
mice, Figures 2-7C2 and 2-7D2), VISTA enhancers (n=1,002 for humans, Figures 2-7A3 and 2-
7B3; and n=702 for mice, Figures 2-7C3 and 2-7D3) and our predicted CRMs (n=1.2M for humans,
Figures 2-7A4 and 2-7B4; and n=0.8M for mice, Figures 2-7C4 and 2-7D4) are all almost
symmetrically distributed around their nearest TSSs, but all slightly biased to downstream of their
nearest TSSs (Table 2-1, except for VISTA enhancers in mice), and this is particularly true for
FANTOM promoters. Moreover, FANTOM promoters (Figures 2-7A1 and 2-7C1) are more
closely located around TSSs than are FANTOM enhancers (Figures 2-7A2 and 2-7C2), VISTA

enhancers (Figures 2-7A3 and 2-7C3) and our CRMs (Figures 2-7A4 and 2-7C4). More
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specifically, most of FANTOM promoters (66.8% for humans and 59.1% for mice) have a |d,,| <
1,000 bp (Figures 2-7B1 and 2-7D1). In contrast, only a small portion of FANTOM enhancers
(11.8% for humans, Figure 2-7B2; and 12.5% for mice, Figure 2-7D2), VISTA enhancers (12.7%
for humans, Figure 2-7B3; and 6.8% for mice, Figure 2-7D3), and our CRMs (7.2% for humans,
Figure 2-7B4; and 5.5% for mice, Figure 2-7D4) have a |d,,| < 1,000 bp. These results are
consistent with the general understanding that promoters tend to be proximal to TSSs while
enhancers tend to be distal to TSSs. However, the vast majority of FANTOM enhancers (80.8%
for humans, Figure 2-7A2; and 96.7% for mice, Figure 2-7C2), VISTA enhancers (66.2% for
humans, Figure 2-7A3; and 98.0% for mice, Figure 2-7C3) and our CRMs (73.4% for humans,
Figure 2-7A4; and 90.2% for mice, Figure 2-7C4) have a |d,,,| < 0.1M bp.

Table 2-1. Numbers and proportions of experimentally validated regulatory elements and our

CRMs located upstream and downstream of their nearest TSSs based on d,,, values

Total Number dy, <0 dn>0

Human Mouse Human Mouse Human Mouse
FANTOM 79,964 68,904 100,858 93,630
Promoters 184,326 1 164,421 (43.4%) (41.9%) (54.7%) (56.9%)
FANTOM 15,663 23,644 17,016 26,148
Enhancers 32,634 49,797 (47.9%) (47.5%) (52.1%) (52.5%)

VISTA 1,002 700 480 354 520 348
Enhancers (47.9%) (50.4%) (51.9%) (49.6%)
Our 583,588 387,093 641,408 411,125

1 1 2 b b b b

CRMs 1,225,115 | 798,257 (47.6%) (48.5%) (52.4%) (51.5%)
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Figure 2-7. Distributions of FANTOM promoters and enhancers, VISTA enhancers and CRMs in
the human and mouse genomes around the nearest TSSs. A1-A4. Histogram of d,,, of FANTOM
promoters, FANTOM enhancers, VISTA enhancers and our CRMs and histogram of d, of their
CPL category in the human genome. B1-B4. Zooming-in views of regions of A1-A4 indicated
by the axes, respectively. C1-C4. Histogram of d,,, of FANTOM promoters, FANTOM enhancers,
VISTA enhancers and our CRMs and histogram of d,, of their CPL category in the mouse genome.
D1-D4. Zooming-in views of regions of C1-C4 indicated by the axes, respectively.

2.2.5 Both our CRMs and experimentally validated regulatory elements can be classified in
two categories based on whether they overlap TSSs or not

Notably, in both humans and mice (Figure 2-7), the histograms of d,,, for FANTOM promoters,
FANTOM enhancers, VISTA enhancers and our predicted CRMs all peak around the 0 distance,

indicating that varying yet considerable portions of all these elements overlap their nearest TSSs.
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Since the elements overlapping TSSs might contain core promoters, while those that do not might
not, we thus classified these elements in two categories: 1) those that overlap their nearest TSSs
as core promoter-containing (CPC) elements, and 2) those that do not overlap their nearest TSSs
as core promoter-lacking (CPL) elements. In humans, as expected, a considerable portion (19.9%)
of FANTOM promoters are classified as CPC promoters, while the remaining 80.1% are classified
as CPL promoters (Figure 2-8A, Table 2-2). Interestingly, a considerable portion of VISTA
enhancers (12.2%) also are classified as the CPC category, while the remaining 80.1% are
classified as the CPL category (Figure 2-8A, Table 2-2), indicating the enhancers indeed can
overlap core promoters. Moreover, smaller but still considerable portions of FANTOM enhancers
(3.0%) and our CRMs (6.1%)) are classified as CPC enhancers, while the remaining vast majority
are classified as CPL elements (Figure 2-8A, Table 2-2). These results indicate that a considerable
number of experimentally validated enhancers and our predicted CRMs contain core promoters in
addition to other regulatory elements. These findings also highlight the substantial differences in
the proportions of CPC and CPL categories between FANTOM promoters as well as VISTA
enhancers and FANTOM enhancers as well as our CRMs. Similar results are obtained in the mouse
data (Figure 2-9A, Table 2-2).

Table 2-2. Numbers and proportions of experimentally validated regulatory elements and our
CRMs categorized into the CPC and CPL categories in the two genomes

Total Number CPC CPL
Species Human | Mouse Human Mouse Human Mouse
I}:’illz(t)el:/s[ 184,326 | 164,421 82795/?) (215525/2-) 147,567 (80.1%) (154?58026)
I]:;illl\; ES@IE 32,684 | 49,797 (3?3(1) é’??/f) 31,712 (97.0%) gi’;;l))
Ezli::cl:rs 1,002 702 (1;?2%%) 56 (8.0%) 880 (87.8%) 646 (92.0%)
4,32 4,2 1,150,786 744,054
C(ljlllgls 1,225,115 1 798,257 (76.’13%9) ?68‘;)3) (93.9%) (93.2%)
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To further investigate the location relationships between the CPL elements and their
nearest TSSs, we analyzed the distribution of nearer end distance d, for the CPL elements (defined
as the distance between the nearer end of an element and its nearest TSS, Materials and Methods).
In both humans and mice (Figure 2-7, Table 2-3), all the CPL elements are almost symmetrically
distributed around their nearest TSSs, but all slightly biased to downstream of their nearest TSSs
except for VISTA enhancers in mice. More than half (56.3% and 51.7% for humans and mice,
respectively) of FANTOM CPL promoters are located around the nearest TSSs with a |d,| < 1,000
bp (Figures 2-7A1, 2-7B1 and 2-7C1, 2-7D1). In contrast, only a small portion of FANTOM CPL
enhancers (11.7% for humans, Figures 2-7A2, 2-7B2; and 12.9% for mice, Figures 2-7C2, 2-7D2),
VISTA CPL enhancers (7.1% for humans, Figures 2-7A3, 2-7B3; and 3.6% for mice, Figures 2-
7C3, 2-7D3) and our CPL CRMs (4.5% for humans, Figures 2-7A4, 2-7B4; and 2.9% for mice,

Figures 2-7C4, 2-7D4) are located around the nearest TSSs with a |d,| < 1,000 bp.
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Figure 2-8. Classification of FANTOM promoters and enhancers, VISTA enhancers and our
CRMs based on whether or not they overlap TSSs in the human genome. A. Comparison of
percentages of the CPC and CPL categories in FANTOM promoters and enhancers, VISTA
enhancers and our CRMs. B. Boxplots of the lengths of the CPC and CPL categories in FANTOM
promoters and enhancers, VISTA enhancers and our CRMs. C. CRM (chr19:14778431-14778705)
is classified to be the CPC category, containing a FANTOM CPC promoter (a core promoter of
gene ADGRE?: chr19:14778552-14778569) and a FANTOM CPL promoter (a proximal promoter
of ADGRE?2: chr19:14778574-14778582) plus additional putative regulatory elements. D. CRM
(chr1:11846931-11848928) is classified to be the CPC category, containing a FANTOM CPC
promoter (a core promoter of gene NPPA: chr1:11847772-11847790) and a VISTA CPC enhancer
(chr1:11846819-11848609) plus additional putative regulatory elements. E. CRM
(chr10:69047012-69048370) located upstream of gene SRGN is classified to be the CPL category,
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overlapping a FANTOM CPL enhancer (chr10:69048135-69048356). F. CRM (chr11:33942659-
33943407) located upstream of gene LMO? is classified to be the CPL category, overlapping a
VISTA CPL enhancer (chr11:33942739-33946310).

Table 2-3. Numbers and proportions of experimentally validated regulatory elements and our

CRMs located upstream and downstream of their nearest TSSs based on d, values

Total Number d, <0 d,>0

Human Mouse Human Mouse Human Mouse
FANTOM 65,180 57,540 82,386 81,316
Promoters | 1o h326 | 164421 (35.4%) (35.0%) (44.7%) (49.5%)
FANTOM 14,953 22,862 16,759 25,869
Enhancers | 2084 | 49797 1 (4580 (45.9%) (51.3%) (51.9%)

VISTA 1.002 702 411 325 469 321
Enhancers ’ (41.0%) (46.3%) (46.8%) (45.7%)
Our 554,778 366,184 596,025 377,870
CRMs | 22115 | 798,257 (45.3%) (45.9%) (48.7%) (47.3%)
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Figure 2-9. Classification of FANTOM promoters and enhancers, VISTA enhancers and our
CRMs based on whether or not they overlap TSSs in the mouse genome. A. Comparison of
percentages of the CPC and CPL categories in FANTOM promoters and enhancers, VISTA
enhancers and our CRMs. B. Boxplots of the lengths of the CPC and CPL categories in FANTOM
promoters and enhancers, VISTA enhancers and our CRMs. C. CRM (chr10:105839767-
105844033) is classified as the CPC category, containing a FANTOM CPC promoter (a core
promoter of gene Ccdc59: chr10: 105841454-105841512) and a FANTOM CPC promoters (a core
promoter of gene Ccdc59: chr10: 105841323-105841372) plus other regulatory elements. D. CRM
(chr8:123477104-123479225) is classified as the CPC category, containing a FANTOM CPL
promoters (a proximal promoter of gene Afg3/1: chr8:123477849-123477856), two FANTOM
CPC promoters (core promoters of gene Afg3/1: chr8:123477859-123477904, chr8:123477934-
123477945), and a downstream promoter element of gene Afg3/1: chr8:123478144-123478181
and a FANTOM CPL enhancer (chr8:123478955-123479296) plus other regulatory elements. E.
CRM (chrX:73473538-73482090) located upstream of gene Bgn is classified as the CPL category,
containing two FANTOM CPL enhancers (chrX:73476667-73476958 and chrX:73480499-
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73480597) plus other regulatory elements. F. CRM (chrl:133185552-133186431) located
upstream of gene Plekhab is classified as the CPL category, overlapping a VISTA CPL enhancer
(chr1:133185980-133189493).

2.2.6 CPC elements are generally longer than CPL elements
We proceeded to compare the lengths of FANTOM promoters, FANTOM enhancers, VISTA
enhancers and our CRMs. In humans, as anticipated, FANTOM promoters are short, with a nearly
uniform length distribution, a median length of 15 bp and 99.4% of them being shorter than 100
bp (Figure 2-8B). Notably, FANTOM CPC promoters have a significantly longer median length
(29 bp) than FANTOM CPL promoters (15 bp). Considering the distributions of FANTOM
promoters around the nearest TSSs, in addition to a core promoter, a FANTOM CPC promoter
might contain an upstream proximal promoter element and/or a downstream promoter element(61),
while a FANTOM CPL promoter might only contain an upstream proximal promoter element or
a downstream promoter element. Although the vast majority (99.5%) of FANTOM enhancers are
shorter than 1,000 bp, with a median length of 288 bp, they are generally longer than FANTOM
promoters (Figure 2-8B). Interestingly, FANTOM CPC enhancers have a significantly longer
median length (346 bp) than FANTOM CPL enhancers (286 bp) (Figure 2-8B). VISTA enhancers
have a length ranging from 428 to 11,051 bp with a median length of 1,688 bp, and thus are much
longer than FANTOM enhancers (Figure 2-8B). Interestingly, as in the case of FANTOM
enhancers, VISTA CPC enhancers also have a significantly longer median length (2,337 bp) than
VISTA CPL enhancers (1,638 bp) (Figure 2-8B). It is likely that in addition to an enhancer element,
a FANTOM CPC enhancer or a VISTA CPC enhancer contains a core promoter, while a FANTOM
CPL enhancer or a VISTA CPL enhancer only contains enhancer elements.

With a median length of 707 bp, our CRMs are more similar to VISTA enhancers than to
FANTOM enhancers in length (Figure 2-8B). Interestingly, as in the cases of FANTOM and

VISTA enhancers, our CPC CRMs also have a significantly longer median length (2,408 bp) than
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our CPL CRMs (650 bp) (Figure 2-8B). A small number (103 or 0.1%) of our CPC CRMs are
shorter than 100 bp that is the typical length of core promoters (Figure 2-8B), suggesting that these
CPC CRMs might be core promoters. The remaining vast majority (99.9%) of our CPC CRMs are
longer than 100 bp, with 83.6% of them being longer than 1,000 bp. Thus, like FANTOM CPC
enhancers and VISTA CPC enhancers, the CPC CRMs that are longer than 100 bp might contain
core promoters in addition to enhancer or silencer elements. The analysis conducted on the mouse
genome Yyielded similar results and conclusions (Figure 2-9B). Moreover, of the 213,882 and
125,827 annotated unique TSSs in the human and mouse genome regions from which we were
able to predict CRMs and constituent TFBSs(19-21), 192,735 (90.1%) and 118,896 (94.5%)
overlap our CPC CRMs in the human and mouse genome regions, respectively, indicating that

core promoters rarely exist alone.

2.2.7 Overlaps among our CRMs, FANTOM promoters, FANTOM enhancers and VISTA
enhancers

We note that FANTOM enhancers and VISTA enhancers in both humans (Supplementary Table
S2-5) and mice (Supplementary Table S2-6) rarely overlap each other. In humans, only 131
FANTOM enhancers overlap with 102 VISTA enhancers (Supplementary Table S2-5) while the
numbers for mice are 317 FANTOM enhancers and 220 VISTA enhancers (Supplementary Table
S2-6). Therefore, FANTOM enhancers and VISTA enhancers are two quite different sets of
experimentally validated enhancers determined using different techniques(59, 60). Moreover,
FANTOM enhancers that overlap VISTA enhancers are shorter than the counterpart VISTA
enhancers, and multiple such FANTOM enhancers overlap the different parts of the same VISTA
enhancers. This suggests that some of the FANTOM enhancers might be components of long
enhancers, likely due to the limitations of the eRNA-seq techniques used for their determination.

Although FANTOM enhancers and VISTA enhancers do not have extensive overlaps, we
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have previously shown that our predicted CRMs overlap the vast majority of both sets in the
human(19) and mouse(21) genomes. We show a few examples of overlaps in light of our
classification of the elements in the CPC and CPL categories in humans. First, CPC CRM
(chr19:14778431-14778705) contains a FANTOM CPC promoter (a core promoter of gene
ADGRE?2: chr19:14778552-14778569) and a FANTOM CPL promoter (a proximal promoter of
ADGRE?2: chr19:14778574-14778582), in addition to other putative enhancer or silencer elements
(Figure 2-8C). Second, CPC CRM (chrl:11846931-11848928) contains a FANTOM CPC
promoter (a core promoter of gene NPPA: chrl:11847772-11847790) and the most part of a
VISTA CPC enhancer (chrl:11846819-11848609) plus additional putative regulatory elements
(Figure 2-8D). Third, CPL CRM (chr10:69047012-69048370) located upstream of the nearest TSS
of gene SRGN overlaps a FANTOM CPL enhancer (chr10:69048135-69048356) (Figure 2-8E).
Finally, CPL CRM (chr11:33942659-33943407) located upstream of gene LMOZ2 overlaps a
VISTA CPL enhancer (chr11:33942739-33946310) (Figure 2-8F). A few examples of overlaps in

the mouse genome are shown in Figures 2-9C to 2-9F.

2.2.8 Inter-TFBS spacers in CRMs are under similar evolutionary constraints as TFBS
islands

We next investigated the architecture of the CRMs (Figure 2-10A) by analyzing the landscape and
properties of the 125M TFBSs within our predicted 1.2M CRMs in the human genome. Our
predicted TFBSs within these putative CRMs have a length ranging from 10 to 21 bp, with the
majority being 10 bp in length (Figure 2-10B). On average, each CRM contains around 102 TFBSs.
By examining the arrangement of TFBSs within CRMs (Figure 2-10A), we found that adjacent
TFBSs often overlapped each other by 1 to 10 bp, with 10, 9, and 8 bp overlaps being the most
common (Figure 2-10C). On the other hand, it is relatively rare for two adjacent TFBSs to be

separated by more than 100 bp (Figure 2-10C). We thus merge two adjacent TFs if they overlap
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by at least one bp, and refer to the resulting sequences as TFBS islands, which range from 10 bp
to 1,255 bp with a median length of 12 bp (Figure 2-10B). The distance between adjacent TFBS
islands within the CRMs ranges from 1 to 2,238 bp, with a median distance of 13 bp, indicating
variability in the spacers between the TFBS islands (Figure 2-10C). The analysis conducted on the
165M putative TFBSs in the 0.9M predicted CRMs in the mouse genome yielded similar
conclusions (Figures 2-11A and 2-11B).

Of the human genome regions (85.5%) from which we were able to predict CRMs and
constituent TFBSs(19, 20), 20.7%, 34.6% and 44.7% consist of TFBS islands, inter-TFBS spacers
and non-CRMs, respectively (Figure 2-10D). These proportions are 29.9%, 39.6% and 30.5% for
TFBS islands, inter-TFBS spacers and non-CRMs, respectively, in the mouse genome regions
(79.9%) from which we were able to predict CRMs and constituent TFBSs(21) (Figure 2-11C).
To assess possible functionality of inter-TFBS spacers, we compared the distribution of phyloP
conservation scores(62) of their nucleotide positions with those of TFBS islands and non-CRMs.
As expected, the distribution of phyloP scores of TFBS islands have a much lower peak around 0
than that of non-CRMs and is right-shifted relative to that of non-CRMs (Figures 2-10E and 2-
11D), indicating that TFBS islands are more likely under evolutionary constraints than non-CRMs.
Surprisingly, the distribution of phyloP scores of inter-TFBS spacers differs only slightly from that
of TFBS islands, with a slightly lower peak of 0 and slightly less right shift (Figures 2-10E and 2-
11D), indicating that inter-TFBS spacers are under almost the same evolutionary constraints as
TFBS islands, which are much stronger than those on non-CRMs. Moreover, TFBS islands and
inter-TFBS spacers in the human genome have similar median LINSIGHT scores that were
computed to measure functionality of nucleotide positions in the human genome(63), both are

significantly higher than that of non-CRMs (Figure 2-12). These results strongly suggest that inter-
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TFBS spacers also play critical roles in CRM functions.
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Figure 2-10. Properties of putative TFBSs and inter-TFBS islands in the predicted CRMs in the
human genome. A. Cartoon showing the arrangement of the TFBSs, TFBS islands and inter-TFBS
spacers in a CRM on a chromosome. B. Distribution of the lengths of putative TFBSs and TFBS
islands in the predicted CRMs (only the length region from 10 to 50 bp is shown). C. Distribution
of the distance between adjacent of putative TFBSs and TFBS islands in the predicted CRMs (only
the distance region from -20 to 100 bp is shown). D. Coverage of putative TFBS islands, inter-



29

TFBS spacers and non-CRMs in the genome regions from which we were able to predict CRMs
and constituent TFBSs. E. Distribution of phyloP scores of TFBS islands, inter-TFBS spacers in
the predicted CRMs in comparison with that of the non-CRMCs (only the score region from -4 to
4 is shown).
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Figure 2-11. Properties of putative TFBSs and inter-TFBS islands in the predicted CRMs in the
mouse genome. A. Distribution of the lengths of putative TFBSs and TFBS islands in the predicted
CRMs (only the length region from 10 to 50 bp is shown). B. Distribution of the distance between
adjacent of putative TFBSs and TFBS islands in the predicted CRMs (only the distance region
from -20 to 100 bp is shown). D. Coverage of putative TFBS islands, inter-TFBS spacers and non-
CRMs in the genomic regions from which we were able to predict CRMs and constituent TFBSs.
E. Distribution of phyloP scores of TFBS islands, inter-TFBS spacers in the predicted CRMs in
comparison with that of the non-CRMCs (only the score region from -3 to 3 is shown).
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Figure 2-12. Boxplots of LINSIGHT scores of non-CRMs, TFBS islands and inter-TFBS spacers
in the human genome.

2.2.9 Inter-TFBS spacers might have functional roles other than direct TF binding in
transcriptional regulation

TFBS islands bound by their cognate TFs and inter-TFBS spacers wrapped around histones in a
CRM are resistant to DNase I cleavage, while TFBS islands and inter-TFBS spacers free of binding
by both TFs and histones can be cut by DNase I (Figure 2-10A). To see whether or not inter-TFBS
spacers are directly involved in TF binding, we compared the DNase I cleavage profiles of TFBS
islands, inter-TFBS spacers and non-CRMs in the human genome using maps of 3.6 million DNase
I hypersensitive site (DHS) cores(64) and 4.6 million TF footprints(65) produced by ENCODE via
aggregating DNase-seq data from hundreds of human bio-samples spanning hundreds of cell/tissue
types. With an average length of 55 bp, the 3.6 million DHS cores occupying 6.4% of the genome
are consensus regions that could be cut by DNase I at multiple positions in different cell/tissue
types(64). As summarized in Table 2-4, TFBS islands have the highest proportion (14.4%)
overlapping DHS cores, followed by inter-TFBS spacers (8.3%) and non-CRMs (3.6%). Thus,
both TFBS islands and inter-TFBS spacers are enriched for DHS cores, while non-CRMs are
depleted of DHS cores. This result suggests that compared with TFBS islands, inter-TFBS spacers

might be more likely wrapped around histones (Figure 2-10A) and inaccessible to regulatory
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proteins, while compared with non-CRMs, they might be less likely so (Figure 2-10A). The

similar results are seen from the same analysis in the mouse genome using full-length DHSs (Table

2-5).

Table 2-4. Summary of overlaps between DHS cores and TFBS islands, inter-TFBS spacers as

well as non-CRMs in the human genome

Total Numbers Total Length (bp) Overlapping length (bp)
TFBS islands 35,576,559 545,014,253 78,653,450 (14.4%)
inter-TFBS spacers 35,154,776 910,694,944 75,657,276 (8.3%)
non-CRMs 1,755,876 1,177,572,135 42,087,044 (3.6%)

Table 2-5. Summary of overlaps between full-length DHSs and TFBS islands, inter-TFBS

spacers and non-CRMs in the mouse genome

Total Numbers Total Length (bp) Overlapping length (bp)
TFBS islands 38,350,446 650,376,376 277,206,030 (42.6%)
inter-TFBS spacers 38,014,062 861,299,538 273,550,233 (31.8%)
non-CRMs 1,270,937 664,133,141 145,840,695 (22.0%)

Moreover, with an average length of 16 bp, the 4.5 million TF footprints comprising 2.1%
of the genome are regions around the summit of DHSs, which are bounded by TFs and thus are
protected from DNase I cleavage(65). As summarized in Table 2-6, TFBS islands have the highest
proportion (5.6%) overlapping TF footprints, followed by inter-TFBS spacers (2.8%) and non-
CRMs (1.3%). Thus, TFBS islands are highly (5.6% vs 2.1%) but inter-TFBS spacers are only
slightly (2.8% vs 2.1%) enriched for TF footprints, while non-CRMs are (1.3% vs 2.1%) depleted
of TF footprints. Taken together, these results suggest that some inter-TFBS spacers might be in
the nucleosome form, and thus cannot be cut by DNase I or bounded by TFs; some other inter-
TFBS spacers might be both nucleosome-free and TF-free, and thus can be cut by DNase I; and
few inter-TFBS spacers might be bounded by TFs, and thus cannot be cut by DNase I (Figure 2-

10A). Therefore, functions of inter-TFBSs, if any, might not mainly be carried out by direct
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interactions with TFs.

Table 2-6. Summary of overlaps between TF footprints and TFBS islands, inter-TFBS spacers as

well as non-CRMs in the human genome

Total Numbers Total Length (bp) Overlapping length (bp)
TFBS islands 35,576,559 545,014,253 30,783,710 (5.6%)
Inter-TFBS spacers 35,154,776 910,694,944 25,706,710 (2.8%)
non-CRMs 1,755,876 1,177,572,135 15,126,676 (1.3%)

2.3 Discussion

In this study, we investigated the landscapes and organizations of CRMs in the human and mouse
genomes as well as the architecture of constituent TFBSs within the CRMs. We reveal a few
common rules for the organization of CRMs in the two genomes. First, like genes, the numbers
and lengths of CRMs on chromosomes are correlated with the sizes of chromosomes. Second,
CRMs are unevenly but correlatedly distributed with genes along chromosomes, forming mega-
base-sized CRMs islands and deserts. Third, the numbers of CRMs and genes in TADs have
stronger correlation than those in non-TAD regions. Fourth, like FANTOM enhancers and VISTA
enhancers, CRMs are slightly biasedly distributed downstream of their nearest TSSs. Fifth, like
FANTOM promoters and enhancers as well as VISTA enhancers, a small yet considerable portion
(7%) of CRMs overlap TSSs, while the remaining vast majority do not. Based on this observation,
we categorize the regulatory elements into two categories, i.e., CPC and CPL.

Sixth, promoters are traditionally classified into core promoters, proximal promoter
elements and downstream promoter elements based on whether or not they overlap TSSs and their
relative location to TSS, while enhancers are traditionally classified into distal enhancers and
proximal enhancers based on their distances to the target TSSs(37, 46, 66). However, we find that
only few (0.1%) of our CPC CRMs have a typical length of FANTOM promoters (<100 bp), and

thus might be simple core promoters, while most (99.9%) of them are longer than 100 bp, and thus
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might contain other regulatory elements in addition to core elements. On the other hand, most
(>90.0%) of annotated TSSs overlap our CRMs. Thus, it appears that only a small portion (<10%)
of core promoters exist alone, while most of them prefer to cluster with nearby regulatory elements
to form longer CPC CRMs. Our classification of CRMs into the CPC and CPL categories does not
differentiate traditional promoters and enhancers and their subtypes, but rather treats them as the
same type of cis-regulatory sequences. This is consistent with growing evidence that enhancers
and promoters share common molecular attributes, and are not functionally distinguishable in line
of function and structure(67, 68). In this study, we also show that 12.2% of human and 8.0% of
mouse VISTA enhancers contain core promoters, and thus are of the CPC category (Table 2-2).
According to our classification, a CPC enhancer may contain a core promoter, and other regulatory
element such as a proximal promoter element, a downstream promoter element and an enhancer
element, and a CPL enhancer may also include a proximal promoter element or downstream
promoter element and an enhancer element when it is close to a TSS. Finally, we find that CPC
elements tend to be longer than CPL elements due at least partially to the fact that CPC elements
contain core promoters in addition to other regulatory elements while CPL elements lack core
promoters. However, containing a core promoter that has a mean length of ~100 bp cannot account
for the difference in the mean lengths of CPC (2,408 bp) and CPL (650 bp) CRMs, thus other
unknown reasons should exist and need to be elucidated in the future.

We also reveal a few common rules for the organization and architecture of TFBSs within
the CRMs in the two genomes. First, adjacent TFBSs in a CRMs tend to overlap with each other,
forming longer TFBS islands. This result is consistent with earlier reports in the fly(69, 70) and
mammals including humans based on extensive overlaps of binding peaks of various TF ChIP-seq

data(60). Besides, it provides valuable insights into the organization and characteristics of TFBSs
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within putative CRMs and their potential roles in gene transcriptional regulation. In agreement
with this, it has been shown that different TFs can compete for partially overlapping binding
sites(71) or bind synergistically to the opposite faces of the DNA duplex(72). The adjacent putative
TFBSs with a small portion of overlaps might be binding sites of different TFs for competitive
binding, while those with a large portion of overlaps might be parts of a long TFBS, which our
algorithm was unable to merge to form a long one. Second, TFBS islands comprise less than half
(37.4% for human and 43.1% for mice) of CRMs in length, while the remaining majority positions
in the CRMs are inter-TFBS spacers. Finally, inter-TFBS spacers within CRMs are under almost
the same evolutionary constraints as are TFBS islands, suggesting that the same portion of
positions in the spacers might also be functional. Although it is likely that some inter-TFBS spacers
contain unknown TFBSs, most positions in the spacers do not appear to be TFBSs, since we find
that the spacers are much less likely to overlap DHS cores than are TFBS islands, implying that a
larger percentage of the spacers might be wrapped around histones than might TFBS islands.
Moreover, we found that inter-TFBS spacers are much less likely to overlap TF footprints than
TFBS islands, thus, a smaller percentage of the spacers might be bounded by TFBSs. While
interactions between TFBSs and cognate TFs are critical in transcriptional regulation, adjacent
spacers of TFBSs might have other functional roles other than direct TF binding. Indeed, it has
been shown that inter-TFBS spacers could influence the conformation of adjacent TFBSs(54) and
the interactions between adjacent TFBSs(55) (i.e. the regulatory grammar). That inter-TFBSs are
as conserved as TFBSs suggests that the functions of inter-TFBS spacers, if any, depend on their
sequences. Although many details of the functions of inter-TFBS spacers in CRMs remain to be
elucidated, acknowledging their potential functions in transcriptional regulation beyond direct TF

binding expands our understanding of the intricate transcriptional regulatory landscapes encoded
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in genomes.

2.4 Conclusion

By analyzing our recently predicted unprecedentedly complete maps of CRMs and constituent
TFBSs in the human and mouse genomes, we reveal common rules for the landscape and
organization of CRMs on the human and mouse chromosomes as well as for the architecture inside
of CRMs in terms of their constituent TFBSs and inter-TFBSs spacers. These findings will
significantly advance the understanding of regulatory genomes and have a profound impact on the
field of gene transcriptional regulation research.

2.5 Materials and Methods

2.5.1 The datasets
For the analysis in the human genome, we obtained 1,225,115 predicted CRMs and 124,923,659
constituent TFBSs at p-value = 0.05 and 1,755,876 predicted non-CRMs from our PCRM
database(73). We downloaded the Hi-C interaction matrix in the K562 cell line from the ENCODE
portal(74) with the accession ID ENCFF080DPJ. We downloaded 1,002 experimentally verified
enhancers from the VISTA Enhancer database(60), as well as 32,684 enhancers and 184,326
promoters from the FANTOM project website(58, 59). We downloaded the precomputed
20,971,9847 LINSIGHT entries from the CshlSiepelLab GitHub repository at
https://github.com/CshlSiepelLab/LINSIGHT?tab=readme-ov-filePrior. We obtained 3,591,899
unique DHS cores from ENCODE portal(74) with the accession ID ENCSR857UZV. We
downloaded 4,465,728 TF footprints from https://www.vierstra.org/resources/dgf#appendix-file-
format-descriptions.

For the analysis in the mouse genome, we obtained 798,257 predicted CRMs and

164,866,277 constituent TFBSs at p-value = 0.05 and 1,270,937 non-CRMs from our PCRM
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database(21, 73). We downloaded the Hi-C interaction matrix in the CHI2F3 cell line from
ENCODE portal(74) with the accession ID ENCFF9090DS. We downloaded 702 experimentally
verified enhancers from the VISTA Enhancer database(60), as well as 49,797 enhancers and
164,421 promoters from the FANTOM project website(58, 59). We downloaded a total of

14,532,289 DHSs from ENCODE portal(74) (Supplementary Table S2-7).

2.5.2 Generation of Manhattan plots
We assume that the total lengths and numbers of CRMs and genes within sliding windows in a
genome are evenly distributed — our null hypotheses. To test that all these random variables are

unevenly distributed in a genome — our alternative hypotheses, we computed z -values for each

sliding window: z = %, where x denotes the total length or number of CRMs or genes within

the window, u the mean and o the standard deviation of the length or number of CRMs or genes
in the windows in the genome assuming that our null hypotheses are true. Under the null
hypotheses, the total lengths and numbers of CRMs and genes within sliding windows follow
binomial distributions. Therefore, the means and standard deviations of the total lengths or
numbers of CRMs and genes within sliding windows can be computed as p = np and ¢ =
\/m . For the total lengths of CRMs and genes in windows, n is the window size in bp, p
the coverage defined as the total length of CRMs or genes in the genome divided by the genome
size, which is 0.47 or 0.58, respectively in the human genome, and 0.55 or 0.45, respectively in
the mouse genome. For the total number of CRMs or genes in windows, n is the number of CRMs

or genes that can fit into a window, estimated as the size of the window divided by the mean length

Window Size

of CRMs or genes, i.e., n = Then, p = X Mean Length, where N

Mean Length * Genome Size

denotes the number of CRMs (1,225,115 and 798,257 for the human and mouse genome,

respectively) or genes (63,313 and 55,364 for the human and mouse genome, respectively). The
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size of the human and mouse genome is 3,088,269,832 and 2,725,521,370 bp, respectively.
Subsequently, we generated Manhattan plots of these z-scores using the “qqman” library within R
version 4.2.2. We defined thresholds of z>|5.2| for window size 1M bp and z>[4.7| for window size
10M bp as cutoffs for identifying CRM and gene islands and deserts for humans, corresponding
to a p-value 0.01 to reject the null hypotheses after Bonferroni correction(75) for multiple
hypothesis tests. The cutoffs for mice are z>|5.1| for window size 1M bp and z>|4.7| for window
size 10M bp for identifying CRM and gene islands and deserts, corresponding to a p-value 0.01 to
reject the null hypotheses after Bonferroni correction(75) for multiple hypothesis tests.

2.5.3 Generation of TADs

To generate TADs in the human genomes, we applied the Arrowhead algorithm of the Juicer
tools(76) with the Knight-Ruiz Matrix Balancing (KR)(77) normalization method on the Hi-C
interaction matrix in the K562 cell line at different resolutions: 5K bp, 10K bp, 25K bp, 50K bp
and 100K bp. We then merged overlapping TADs into larger domains, resulting in a total of 944
merged TADs. To generate TADs in the mouse genome, we followed a similar procedure and
generated 1,018 TADs using the Hi-C interaction matrix in the CH12F3 cell line. However, due
to the unavailability of KR normalization for the Hi-C data in the CH12F3 cell line, we opted for
the Vanilla-Coverage (VC) normalization method(78) instead.

2.5.4 Middle and nearer end distance between a CRM and its nearest TSS

2.5.4.1 The middle distance: The middle distance between a CRM and its nearest TSS is defined
as d,, = ¢, (CRM) — c(TSS), if the nearest TSS is in the forward orientation, or d,, =
¢ (TSS) — c¢,,(CRM), if the nearest TSS is in the reverse orientation; where ¢(TSS) and

cm (CRM) are the coordinates of the nearest TSS and the middle point of the CRM, respectively.
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2.5.4.2 The nearer end distance: The nearer end distance between a CRM and its nearest TSS
(when they do not overlap) is defined as d. = c, (CRM) — c(TSS), if the nearest TSS is in the
forward orientation, or d, = ¢ (TSS) — c,(CRM)), if the nearest TSS is in the reverse orientation;
where c(TSS) is the coordinate of the nearest TSS, and c,(CRM) is the coordinate of the nearer
end of the CRM to the TSS.

2.5.5 Distance between adjacent TFBSs or TFBS islands in a CRM

For each CRM, we first arranged the constituent TFBSs or their TFBS islands by sorting them
according to their starting coordinates. We then computed the distance d between two adjacent
TFBSs or TFBS islands by subtracting the end coordinate of the current TFBS or TFBS island
from the starting coordinate of the downstream TFBS or TFBS island. If d < 0, then the two
adjacent sequences overlap each other by d bp. It is evident that for two adjacent TFBS islands

d > 0, as they do not overlap each other.

2.5.6 LINSIGHT scores

As a LINSIGHT entry may cover multiple nucleotide positions, we assigned each of the positions
within the loci the pre-computed LINSIGHT score. Since these entries may overlap, some
positions may have multiple LINSIGHT scores. We calculated the average score for each position

as its final LINSIGHT score if the position has more than one assigned score.

2.5.7 Overlaps between DHSs or TF footprints and TFBS islands, inter-TFBS spacers, and
non-CRMs

For the analysis in the human genome, we obtained overlaps between DHS cores or TF footprints
and TFBS islands, inter-TFBS spacers, and non-CRMs using bedtools2 version 2.29.0. However,
for the analysis in the mouse genome, due to unavailability of DHS core or TF footprint data, we

only aggregated the original DHSs from various cell/tissue types, and then merged these regions
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to a set of non-redundant DHSs. We then obtained overlaps between the non-redundant DHSs and
TFBS islands, inter-TFBS spacers, and non-CRMs using bedtools2 version 2.29.0.

2.6 Availability of data and materials

The datasets supporting the conclusions of this chapter are available at https://osf.io/7t8nm/ and
are included  within  the chapter and its supplementary  tables at

https://github.com/sisyyuan/CRM_Dissertation.
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Chapter 3
SIMULTANEOUS PREDICTION OF FUNCTIONAL STATES AND TYPES OF CRMs
REVEALS THEIR PREVALENT DUAL USES AS ENHANCERS AND SILENCERS

3.1 Introduction

CRMs have long been characterized by using low throughput laborious molecular biology
methods. However, recent advancements in a plethora of omics techniques have revolutionized
our capacity to investigate CRMs. These techniques encompass: 1) ChIP-seq for identifying
TFBSs(79-81) and regions modified by histone marks(26) in the genome; 2) DNase-seq(22-24)
and ATAC-seq(25) for probing CA of genome regions; 3) Hi-C technology for measuring physical
proximity between genomic loci in the nucleus(78, 82); and 4) RNA-seq for quantifying
transcriptomes in cells/tissues(83). The wide adaptations of these techniques have resulted in vast
volumes of data, originating from large consortia as well as individual laboratories worldwide(84-
91). This wealth of data presents an unparalleled opportunity to reliably predict the location of
CRMs in genomes, along with their functional states (on/active or off/inactive), types
(predominantly enhancers or silencers), and target genes across diverse cell/tissue types(92, 93).
Most existing methods attempted to simultaneously predict locations and functional states of
enhancers in a given cell/tissue type by integrating multiple epigenetic marks including CA and
various histone modifications(94-98). Although conceptually appealing, these one-step methods
are limited for their high FDRs(19, 27-32). This is due to the fact that the presence of CA and
histone marks, while informative, is not exclusively indicative for enhancers and their functional
states, as these marks are also present in non-CRM sequences(29, 30, 33).

On the other hand, it has been shown that TF binding data are more informative for
identifying loci of CRMs than CA and histone modification data(29-33). Furthermore, it has been

established that accurate anchoring of a CRM’s location through the binding of key TFs renders
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epigenetic marks on the CRM a reliable predictor of its functional states(29-33). In light of these
findings, we have recently introduced a two-step approach to predict CRMs and their functional
states sequentially(19, 20). Firstly, we predict an accurate and more complete map of CRMs in the
genome using TF binding data. Secondly, we predict the functional states of all the predicted
CRMs in any given cell/tissue type of the organism using few epigenetic marks. For the first step,
we have developed the dePCRM2 algorithm(19), which predicts loci of CRMs by integrating
putative TF binding motifs identified in a large number of diverse TF ChIP-seq datasets using our
ultra-fast motif finder ProSampler(99, 100). dePCRM2 is able to effectively segregate genomic
regions covered by TF binding peaks into two exclusive sets: the CRM candidates and the non-
CRMs(19). While dePCRM2 can predict a CRM’s functional state in a specific cell/tissue type
based on its overlaps with TF binding peaks available in the very cell/tissue type, this predictive
capacity is often limited due to the scarcity of available TF binding datasets in most cell/tissue
types. Therefore, similar to the cCREs identified recently by the ENCODE project(101), our
predicted CRMs are generally cell/tissue type agnostic. For the second step, we have developed a
machine learning model that can accurately predict the functional states of all the predicted CRMs
as enhancers in diverse human and mouse cell/tissue types using only four epigenetic marks as
features(20). This two-step approach significantly surpasses existing one-step methods in terms of
sensitivity and specificity for predicting active enhancers in various cell/tissue types(20).
However, recent investigations have found that silencers are more prevalent than initially
believed(102-104), and that an active enhancer in a cellular context could be an active silencer in
another cellular context(9, 104). Thus, it is interesting to also predict functional states of CRMs as
silencers. Indeed, a few diverse computational tools have been developed to predict active silencers

in specific cell/tissue types(103). However, as in the case of enhancers, these methods attempted
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to simultaneously predict the locations and functional states of silencers using epigenetic marks
on candidate DNA segments(105-107). For example, a correlation-based method correlated
putative active silencer mark (e.g., H3K27me3 and DHS) signals with the expression levels of
neighboring genes across different cell/tissue types(105). A support vector machine (SVM) model
was then trained using sequence features as well as features derived from the aforementioned
correlation-based method to predict silencers(105). Additionally, a simple subtractive approach
(SSA) excluded genome regions with enhancer chromatin signatures to be putative silencers and
a gapped k-mer SVM (gkmSVM) was trained on massively parallel reporter assay (MPRA) data
and sequence patterns to predict silencers(107). However, the accuracy of these one-step methods
is quite low (see later), due to similar reasons for predicting enhancers and their functional states
using one-step methods.

Building upon the success of our two-step strategy in predicting enhancers and their
functional states in cell/tissue types, we now extend our machine learning model to simultaneously
predict the functional types (enhancer or silencer) and states (on/active or off/inactive) in various
cell/tissue types in a genome-wide fashion. Our methods achieve an area under the receiver
operator characteristic curve (AUROC) > 0.96 and show superior performance to state-of-the-art
methods. Using the tools, we predicted functional types and states of 1.2M CRMs in 107 human
cell/tissue types. Our results indicate that silencers and dual functional CRMs are more prevalent
than previously thought and that various types of CRMs display distinct properties in terms of their
lengths and TFBS densities, reflecting their functional complexity.

3.2 Result

3.2.1 Functional states of CRMs as silencers and enhancers can be accurately predicted using
three epigenetic marks
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We have previously developed an LR model to predict functional states in a cell/tissue type of our
1.2 M predicted CRMs in the human genome(19) using signals of few epigenetic marks on the
CRMs as features that are more or less associated with active enhancers. We employed a similar
LR model (Figure 3-1A) to predict functional states of the CRMs as silencers in a cell/tissue type
using three epigenetic marks (CA, H3K9me3 and H3K27me3) on the CRMs as features. We
pooled positive and negative silencer sets compiled in each of 40 of the 67 human cell/tissue types
with the required data available (Materials and Methods), resulting in a positive set containing a
total 256,766 positive silencers and a negative set with the same number of negative control
sequences. As shown in the UpSet plot in Figure 3-1B, H3K27me3 peaks pooled from the 40
cell/tissue types have the highest coverage of the human genome, followed by CA and H3K9me3
peaks, and around 100 Mb of the genome are covered by the peaks of all the three marks. To
evaluate the ability of these three marks to predict the functional states of the CRMs as silencers
in cell/tissue types, we trained and evaluated the seven models using all the seven possible
combinations of one, two and three of the three marks as features by 10-fold cross validation
(Figure 3-1B). Of the three models using only one mark, model 2 using CA had the highest median
AUROC of 0.948, followed by model 1 using H3K27me3 (median AUROC=0.826) and model 3
using H3K9me3 (median AUROC=0.685). Thus, CA alone has quite high prediction accuracy,
while H3K27me3 alone and particularly, H3K9me3 alone have only intermediate prediction
accuracy. Of the three models using two marks, model 4 using CA and H3K27me3
(CA&H3K27me3) obtained the highest median AUROC of 0.960, followed by model 6
(CA&H3K9me3, median AUROC=0.951) and model 5 (H3K9me3&H3K27me3, median
AUROC= 0.919). Model 7 using all the three marks (CA&H3K9me3&H3K27me3) achieved the

highest median AUROC of 0.962 (Figures 3-1B, 3-1C), which is significantly higher than the other
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six models (p value <0.01, Mann-Whitney U test). Consistently, CA in model 7 had a much higher
weight (102.7) than H3K27me3 (16.5) and H3K9me3 (10.9) (Figure 3-1D). We thus selected
model 7 as our silencer functional state predictor in the subsequent predictions. The numbers of
predicted active silencers in these 40 cell/tissue types were greater than those of positive silencers
compiled in them (Figure 3-1E), suggesting that the positive silencers used for training and testing

consist of only a small portion of active silencers in these cell/tissue types.
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Figure 3-1. The epigenetic marks can accurately predict the functional states of putative silencers.
A. A cartoon illustrating the workflow of our LR model using CA, H3K9me3 and H3K27me3
signals as the features. B. The UpSet plot showing intersection sizes (Gb) of mark peaks (upper
bar graph) and the boxplot of AUROC:S of the seven LR models using all possible combinations
of the three epigenetic marks with 10-fold cross validation (lower boxplots). **: p value < 0.01,
Mann-Whitney U test. C. ROC curves of model 7 using all the three marks. The red curve is the
median ROC curve from the results of 10-fold cross validation. The AUROC curve of each fold is
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invisible since these curves have almost the same shape as the median curve. D. Bar graph of the
weights of CA, H3K9me3 and H3K27me3 in model 7. E. Bar graph of the numbers of positive
and active silencers compiled and predicted, respectively, in each of the 40 cell/tissue types.

Although we have successfully used four epigenetic marks (CA, H3K4mel, H3K4me3 and
H3K27ac) as features to predict functional states of our CRMs as enhancers(20), in this study we
only used three of them (CA, H3K4mel and H3K27ac) in our LR model. We excluded H3K4me3,
since it is more likely associated with promoters than to enhancers(108, 109). We pooled positive
and negative sets compiled in each of the 67 human cell/tissue types used in our previous study(20)
(Materials and Methods), resulting in a positive set containing a total 1,415,796 positive enhancers
and a negative set with the same number of negative control sequences. We trained and evaluated
the seven LR models using all the seven possible combinations of the three epigenetic marks as
features by 10-fold cross validation. Of the three models using only one mark, model 4 using CA
had the highest median AUROC 0.913, followed by model 1 using H3K4mel (median
AUROC=0.897) and model 2 using H3K27ac (median AUROC=0.866). Of the three models using
two marks, model 3 using H3K4mel and H3K27ac (H3K4mel&H3K27ac) obtained the highest
median AUROC of 0.971, followed by model 5 (CA&H3K4mel, median AUROC=0.963) and
model 6 (CA&H3K27ac, median AUROC=0.952). Model 7 using all of the three marks achieved
the highest median AUROC of 0.977 (Figures 3-2A and 3-2B), which is significantly higher than
the other six models (p value < 0.01, Mann-Whitney U test). Consistently, CA has a higher weight
(92.0) in the model than H3K4mel (30.0) and H3K27ac (17.1) (Figure 3-2C). The median
AUROC value achieved by model 7 (0.977) is comparable with our previous model (0.986) using
four epigenetic marks, which substantially outperforms five existing state-of-the-art methods(20).
We thus selected model 7 as our enhancer functional state predictor (enhancer predictor) for the
subsequent predictions. As expected, the numbers of predicted active enhancers in 65 of the 67

cell/tissue types are greater than those of positive enhancers compiled in them (Figure 3-2D),



47

suggesting that the positive enhancers used for training and testing consist of only a small portion
of active enhancers in most of the cell/tissue types. However, both the positive sets and predicted
active enhancers in each of these cell/tissue type are smaller than those compiled and predicted in
our earlier study(20), due to the more stringent criterion used to compile the positive sets to ensure
the CRMs in the positive sets are true active enhancers.

In summary, CA alone is a more effective predictor for both active silencers (Figure 3-1B)
and active enhancers (Figure 3-2A) than the other two marks (H3K27me3 and H3K9me3 for
silencers and H3K4mel and H3K27ac for enhancers) alone. Using additional two histone marks
could moderately improve the enhancer prediction accuracy (mean AUROC 0.977 vs 0.913), but
only slightly increase the silencer prediction accuracy (mean AUROC 0.962 vs 0.948), over that
obtained by using CA alone. In both predictors CA has overwhelmingly higher weights than the

other two marks, making the other two marks weaker predictors.
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Figure 3-2. The epigenetic marks can accurately predict the functional states of enhancers. A.
UpSet plot showing intersection sizes (Gb) of the three types of epigenetic mark peaks (upper bar
graph) and the boxplot of AUROCS of the seven LR models using all possible combination of the
three epigenetic marks as features with 10-fold cross validation (lower boxplots). **: p value <
0.01, Mann-Whitney U test. B. ROC curves of model 7 using CA, H3K4mel and H3K27ac as
features. The red curve is the median ROC curve from the results of 10-fold cross validation. The
AUROC curve of each fold is invisible since these curves have almost the same shapes as the
median curve. C. Bar plots of the weights of CA, H3K27ac and H3K4mel in model 7. D. Bar plots
of numbers of positive and active enhancers compiled and predicted, respectively, in each of the
67 cell/tissue types (Materials and Methods).

3.2.2 Varying portions of the 1.2M CRMs are active as enhancers or silencers in various
cell/tissue types

Using our enhancer and silencer predictors trained on the pooled positive and negative sets in the
67 and 40 (Supplementary Tables S3-1 to S3-3) cell/tissue types, respectively, with the required
epigenetic data available from Cistrome (110, 111), we predicted the functional states of our 1.2M

predicted CRMs(19) as enhancers in 105 cell/tissue types and as silencers in 58 cell/tissue types,
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respectively, with the required epigenetic data available from ENCODE (74) (Figure 3-3A). This
yielded highly varying numbers of active enhancers in the 105 cell/tissue types ranging from
31,947 (2.7% of the 1.2 M CRMs) in tibial nerve cells to 168,471 (14.3%) in motor neuron cells,
with a median of 95,496 (8.1%) in a cell/tissue type (Supplementary Table S3-4). We predicted a
total of 10,068,782 active enhancers in the 105 cell/tissue types. After removing the redundancy,
we ended up with a total of 695,507 (59.0%) non-redundant active enhancers from the 105 cell
types. Moreover, we also predicted highly varying numbers of active silencers in the 58 cell/tissue
types ranging from 27,843 (2.4%) in tibial nerve cells to 197,133 (16.7%) in HepG2 cells, with a
median of 86,668 (7.4%) in a cell/tissue (Supplementary Table S3-5). We predicted a total of
5,096,269 active silencers in the 58 cell/tissue types. After removing the redundancy, we ended up
with a total of 677,840 (57.5%) non-redundant active silencers from the 58 cell types. Thus, we
predicted a slightly higher median number of active enhancers than active silencers (95,496 vs
86,668). As expected, most (78.0%~97.2%) of the CRMs were not active either as enhancers or as
silencers in a cell/tissue type (Supplementary Table S3-6). In total, we predicted the functional
types and states for 868,944 (73.8%) of the 1.2M CRMs as active enhancers or active silencers in

at least one of the cell/tissue types.

3.2.3 Predicted functional types and states of CRMs are reflected by their epigenetic mark
signals

Notably, in each of the 49 cell/tissue types with only enhancer marks (CA, H3K4mel and
H3K27ac) data available (Materials and Methods), we were only able to predict each CRM either
as an active enhancer or as an inactive enhancer (Figure 3-3A, Supplementary Table S3-7). For
example, in the A549 cells, we predicted 128,601 (10.9%) CRMs to be active enhancers and the
remaining 89.1% to be inactive enhancers (Supplementary Table S3-7). The predictions in each of

these 49 cell/tissue types are reflected by the signal patterns of all the three epigenetic marks on
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the CRMs. Figure 3-3B shows the case in the A549 cells from donor ENCDOO00AAZ as an
example. Specifically, CRMs that were predicted to be active enhancers in a cell/tissue type such
as the A549 cells were enriched in the active enhancer marks (CA, H3K4mel and H3K27ac),
while those that were not, were depleted of these signals (Figure 3-3B). Similarly, in each of the
two cell/tissue types with only putative active silencer marks (CA, H3K27me3 and H3K9me3)
data available (Materials and Methods), we were only able to predict each CRM either as an active
silencer or as an inactive silencer (Figure 3-3A, Supplementary Table S3-8). For example, in the
heart left ventricle cells from donor ENCDOO039RUH, we predicted 108,302 (9.2%) CRMs to be
active silencers and the remaining 90.8% to be inactive silencers (Supplementary Table S3-8). The
predictions in these two cell/tissue types also are reflected by the signal patterns of all the three
epigenetic marks on the CRMs. Figure 3-3C shows the case for the heart left ventricle cells.
Specifically, CRMs that were predicted to function as active silencers in a cell/tissue type such as
heart left ventricle cells were enriched in putative active silencer marks (CA, H3K27me3 and

H3K9me3), while those that were not, were depleted of the signals (Figure 3-3C).
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Figure 3-3. Prediction of functional types and states of CRMs in the 107 cell/tissue types. A.
Prediction of functional types and states of CRMs in various cell/tissue types with different
available data and categorization of CRMs based on predictions in the 56 cell/tissue types with
both active enhancer and silencer marks data available. B. Heatmaps of signals of three active
enhancer marks in a 6 kb window centering on the middle points of the predicted active enhancers
and inactive enhancers in A549 cells from donor ENCDOO0OOAAZ. C. Heatmaps of signals of
three putative active silencer marks in a 6 kb window centering on the middle points of the
predicted active silencers and inactive silencers in the heart left ventricle cells from donor
ENCDOO39RUH. The heatmaps show the mean signals of the epigenetic marks in each 100 bp
sliding window along each sequence; the line plot shows the mean signal of each window at a
position in all the sequences in the set (Materials and Methods). The color code for the types in
the line plot above each column is the same as the left legends of the heatmaps.
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Furthermore, in each of the 56 cell/tissue types with both enhancer and putative silencer
marks data available (Materials and Methods), we have four possible predictions about the
functional types and states of each of the 1.2M CRM (Figure 3-3A): 1) both the enhancer predictor
and the silencer predictor predict it to be active (ActiveEnhancer-ActiveSilencer); ii) the enhancer
predictor predicts it to be active, but the silencer predictor predicts it to be inactive
(ActiveEnhancer-InactiveSilencer); iii) the enhancer predictor predicts it to be inactive, but the
silencer predictor predicts it to be active (InactiveEnhancer-ActiveSilencer); and iv) both the
enhancer predictor and the silencer predictor predict it to be inactive (InactiveEnhancer-
InactiveSilencer). The numbers of predicted CRMs in each of the categories are shown in Figure
3-4A (Supplementary Table S3-9). For example, in the MCF-7 cells from donor ENCDOOO0OAAE,
we predicted 69,327 (5.9%) CRMs to be “ActiveEnhancer-ActiveSilencer”, 45,278 (3.8%) to be
“ActiveEnhancer-InactiveSilencer”, 45,862 (3.9%) to be “InactiveEnhancer-ActiveSilencer”, and
the remaining 1.02M (86.4%) to be “InactiveEnhancer-InactiveSilencer” (Figure 3-4A,
Supplementary Table S3-9). The predictions in each cell/tissue type also are reflected by the
relevant epigenetic marks on the CRMs. Figures 3-4B and 3-4C show the cases in the MCF-7 cells
as examples. Specifically, “ActiveEnhancer-ActiveSilencer” CRMs were enriched in both the
marks of active enhancers (CA, H3K4mel and H3K27ac) and marks of putative active silencers
(CA, H3K9me3 and H3K27me3) (Figure 3-4B). “ActiveEnhancer-InactiveSilencer” CRMs were
enriched in marks of active enhancers H3K4mel and H3K27ac but depleted of marks of putative
active silencer H3K9me3 and H3K27me3 (Figure 3-4B). Interestingly, the CA signals on these
“ActiveEnhancer-InactiveSilencer” CRMs were weak in the middle but strong at the two flanking
regions, while the H3K4mel signals were narrowly peaked at the middle, suggesting that the

middle of these CRMs might not be nucleosome free, and therefore could not be cut by transposase.
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“InactiveEnhancer-ActiveSilencer” CRMs were enriched in putative active silencer marks but
depleted of active enhancer marks H3K4mel and H3K27ac (Figure 3-4C). “InactiveEnhancer-
InactiveSilencer” CRMs had weak signals of all the five epigenetic marks (Figure 3-4C). In
summary, by predicting the functional states of the 1.2M CRMs as enhancers or silencers in a
cell/tissue type, we are able to simultaneously predict the functional states and types of the CRMs

using only five epigenetic marks data in the very cell/tissue type.
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Figure 3-4. Four possible combinations of predictions of the functional types and states of the
CRMs in the 56 cell/tissue types with both active enhancer and putative active silencer marks data
available. A. Bar plots of the numbers of the CRMs with the four possible combinations of
predicted functional types and states in each of the 56 cell/tissue types. B. Heatmaps of signals of
the five epigenetic marks in a 6 kb window centering on the middle of the predicted
ActiveEnhancer-ActiveSilencer and ActiveEnhancer-InactiveSilencer CRMs in MCF-7 cells. C.
Heatmaps of signals of the five marks in a 6 kb window centering on the middle of the predicted
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InactiveEnhancer-ActiveSilencer and InactiveEnhancer-InactiveSilencer CRMs in MCF-7 cells.
The heatmaps show the mean signals of the epigenetic marks in each 100 bp sliding window of
each sequence; the line plot shows the mean signal of each window at a position of all the
sequences in the set (Materials and Methods). The color code for the types in the line plot above
each column is the same for the heatmaps.

3.2.4 At least 10% of the CRMs are dual functional

We predicted a total of 793,140 (67.3%) CRMs to be active as enhancers and/or silencers in at
least one of the 56 cell/tissue types (Figure 3-3A, Supplementary Table S3-9) with both active
enhancer and putative silencer marks data available. These predictions provide us an opportunity
to investigate the predominant roles of the CRMs used as enhancers, silencers, or both in these
cell/tissue types. Of these 793,140 CRMs, 117,646 (14.8%) were predicted to be active only as
enhancers across all the cell/tissue types (Enhancer-predominant), 227,211 (28.6%) were predicted
to be active only as silencers across the cell/tissue types (Silencer-predominant), and 448,283
(56.6%) were predicted to be active both as enhancers and silencers in the 56 cell/tissue types
(Dual functional CRMs) (Figure 3-3A). Of the 448,283 dual functional CRMs, 408,451 (91.1%)
were predicted to be both as active enhancers and active silencers in the same cell/tissue types
(denoted as type I dual functional CRMs), while the remaining 39,832 (8.9%) were predicted to
be as active enhancers in some cell/tissue types and as active silencers in other cell/tissue types
(denoted as type II functional CRMs). As we indicated earlier, CA signals have much higher
weights than the two other markers in both our enhancer (Figure 3-2C) and silencer (Figure 3-1D)
predictors, thus a CRM with a very strong CA signal but relatively weak signals of the two other
marks can be predicted both as active enhancer and as active silencer in the same cell/tissue type.
To reduce possible false positives, for type I dual functional CRMs, we only consider those that
have at least one active enhancer mark and at least one putative active silencer mark for further
analysis, yielding a total of 44,153 (10.8%) more stringent type I dual functional CRMs, while the

remaining 89.2% were categorized as unclassified CRMs (Figure 3-3A). Our subsequent analyses
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will mainly focus on a total of 83,985 (10.6%) dual functional CRMs (44,153 type I and 39,832
type II) (Figure 3-3A).

3.2.5 Dual functional CRMs can switch their roles in different cellular contexts

It has been shown in previous reports that CRMs may switch their roles between active enhancers
and active silencers in different cellular contexts(9, 10, 104). Consistently, our type II dual
functional CRMs functioned as active enhancers in some cell/tissue types while as active silencers
in other cell/tissue types. On the other hand, all of the 44,153 type I dual functional CRMs could
function both as active enhancers and as active silencers in at least one of the 56 cell/tissue types,
most (89.1%) of which could also only function as active enhancers or active silencers in at least
one of the 56 cell/tissue types. Moreover, more than half (56%) of the type I dual functional CRMs
have dual functions in the same cell/tissue type in only one cell/tissue type, and only a small portion
(3.8%) of them did so in more than half (28) of the 56 cell/tissue types (Figure 3-5A). Thus, most
type I dual functional CRMs also were able to switch their roles in different cell/tissue types. For
example, the CRM at chr7:1,428,212-1,430,677 was dual functional in spleen (ENCDO2211PH)
and HepG2 (ENCDOOOOAAC) cells, but only functioned as an active enhancer in Pancl
(ENCDOO0OOOABB) cells, and only functioned as an active silencer in heart left ventricle
(ENCDO477WED), SK-N-SH (ENCDOO0OOOABD) and breast epithelium (ENCDO2710UW)
cells, as indicated by the patterns of epigenetic marks on the CRM in relevant cell/tissue types.
More specifically, as shown in Figure 3-5B as examples, in spleen cells the CRM was heavily
marked by both active enhancer marks (H3K4mel) and active silencer marks (H3K27me3) in
addition to CA, while in Pancl cells it was heavily marked by the active enhancer marks

(H3K4mel and H3K27ac), but depleted of active silencer marks, and in heart left ventricle cells it
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was heavily marked by the active silencer marks (H3K27me3), but with weak active enhancer

marks.
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Figure 3-5. Analysis of different types of active CRMs in the 56 cell/tissue types. A. Histogram of
percentages of type I dual functional CRMs that are active both as enhancers and silencers in the
indicated number of cell/tissue types. The inset plot is cumulative percentage of type I dual
functional CRM that are active both as enhancers and silencers in at least the indicated numbers
of cell/tissue types. B. Epigenetic marks on a type I dual functional CRM at chr7:1,428,212-
1,430,677 in spleen cells where it functions both as an active enhancer and as an active silencer
(upper panel); in Pancl where it functions only as an active enhancer (middle panel); and in heart
left ventricle cells where it functions only as an active silencer (lower panel). C. Histogram of
percentages of type I dual functional CRMs with the indicated overlapping ratio between their
enhancer mark regions and silencer mark regions. The inset plot is the cumulative percentage of
overlapping ratio less than the indicated numbers. D. Boxplots of the lengths of the four types of
CRMs and unclassified CRMs. E. Boxplots of the density of TFBSs (number of TFBSs per 100
bp) in the four types of CRMs and unclassified CRMs.

3.2.6 Enhancer and silencer mark peaks on type I dual functional CRMs overlap each other
As we predicted CRMs by stitching adjacent TFBSs(19), it is conceivable that type I dual-
functional CRMs may be the result of simply merging distinct enhancers and silencers. To test this
possibility, we assessed the extent to which active enhancer mark peaks and putative active silencer
mark peaks along type I dual functional CRMs overlap each other (Materials and Methods). As

shown in Figure 3-5C, of type I dual functional CRMs, 55% have their active enhancer and silencer
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mark peaks completely overlapping each other (overlapping ratio = 1), and more than 78% have
an overlapping ratio larger than 0.5, indicating that type I dual functional CRMs are unlikely
formed by incorrectly stitching adjacent enhancers and silencers. For example, active enhancer
and silencer marks interdigitate and overlap one another along the CRM chr7:1,428,212-1,430,677
in the spleen cells where it functions both as an active enhancer and as an active silencer (Figure
3-5B). These results indicate that the dual functions of a CRM might be achieved by the
collaboration between different parts of the CRM, but not by two non-overlapping parts each
conferring the CRM a different role. It is likely that such collaboration renders the dual functional

CRMs to be longer than enhancer-predominant and silencer-predominant CRMs.

3.2.7 Length and TFBS density of a CRM reflect the complexity of its functional type

To see how the length of a CRM is related to its predicted functional type, we plotted the
distributions of the lengths of the different types of predicted CRMs. Interestingly, as shown in
Figure 3-5D, different types of CRMs show distinct length distributions. Specifically, type I dual
functional CRMs have the longest median length (2,577 bp), followed by type II dual functional
CRMs (678 bp), silencer-predominant CRMs (558 bp), and enhancer-predominant CRMs (454 bp).
Unclassified CRMs are shorter than type I dual functional CRMs, yet longer than the other three
types, suggesting that they might be a blend of type I dual functional CRMs and other three types
of CRMs. The longer lengths of dual functional CRMs might be related to their more complex
functions. Moreover, it has been demonstrated that enhancers and silencers in mouse retinal
photoreceptor cells (cones and rods) possess different information content in terms of TFBS
composition(112). In light of this, we analyzed TFBS densities (number of TFBSs in 100 pb length,
Materials and Methods) of enhancer-predominant CRMs, silencer-predominant CRMs, type I and

type 1l dual functional CRMs, and unclassified CRMs. As shown in Figure 3-5E, type I dual
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functional CRMs have the highest TFBS densities, followed by type II dual functional CRMs,
enhancer-predominant CRMs and silencer-predominant CRMs. Likewise, unclassified CRMs
exhibit a lower TFBS density than type I dual functional CRMs, but a higher TFBS density than
the other three types (Figure 3-5E), suggesting again that unclassified CRMs might be a

combination of type I dual functional CRMs and other three types of CRMs.

3.2.8 Type I dual functional CRMs might execute dual functions by regulating different genes
in the same cell type

Of the 56 cell/tissue types that we used to predict type I dual functional CRMs (Figure 3-3A), 9
are cell lines, each nominally contains a single cell type; while the remaining 47 are primary tissues,
each might contain multiple cell types. Thus, we compared the numbers of type I dual functional
CRMs that functioned as both active enhancers and active silencers in the cell lines (n=9) with
those in the primary tissues (n=47). As shown in Figure 3-6A, the numbers of dual active CRMs
observed in the cell lines were not significantly different (p-value>0.26) from those in the primary
tissues. This suggests that the dual functions of CRMs may not necessarily be attributed to various
cell types in a primary tissue, rather, CRMs can be dual functional in the same cell type.

To investigate how dual functional CRMs could possibly exert their enhancer and silencer
functions, we identified genes whose promoters were in close physical proximity to a dual
functional CRMs from the Hi-C interaction map and compared expression levels of putative target
genes in different cell/tissue types according to the CRM’s predicted functional states as an
enhancer or a silencer of the genes. For instance, the Hi-C interaction map shows that CRM
chr7:1,428,212-1,430,677 is in close physical proximity with the promoters of genes MICALL?2,
INSTI, MAFK, and PSMG3 (Figure 3-6B). Figure 3-6C shows the expression levels of these genes
across diverse cell/tissue types based on the CRM’s functional states as an enhancer for these genes.

INSTI and PSMG3 had significantly higher expression levels in cell/tissue types where the CRM
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was active as an enhancer than in cell/tissue types where the CRM was inactive as an enhancer,
while MICALL2 and MAFK did not. This leads us to conclude that the CRM might function as an
enhancer for INST1 and PSMG3, but not for MICALL2 and MAFK. Similarly, Figure 3-6D shows
the expression levels of the four genes across different cell/tissue types based on the CRM’s
functional states as a silencer for the genes. MICALL?2 had significantly lower expression levels in
cell/tissue types where the CRM was active as a silencer than in cell/tissue types where the CRM
was inactive as a silencer, while the other three genes did not. We therefore conclude that the CRM
might function as a silencer for MICALL?2, but not for the other three genes. Although the CRM
interacts with gene MAFK, our result suggests that it may not regulate this gene as either an

enhancer or a silencer in the cell/tissue types that we examined.
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Figure 3-6. Comparison of numbers of type I dual functional CRMs in cell lines and primary
tissues and an analysis of expression levels of putative target genes of a type I dual functional
CRM. A. Boxplots of numbers of type I dual functional CRMs predicted in 9 cell lines and 47
primary tissues. p-value>0.26 (Mann-Whitney U-test). B. A Hi-C interaction map for the region
0f 1,350,000 to 1,60,000 bp on chromosome 7. CRM chr7:1428212-1430677 indicated by the box
interacts with the promoters of genes MICALL2, INST1, MAFK and PSMG?3, highlighted by the
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circles. C. Boxplots of expression levels of genes MICALL2, INSTI1, MAFK and PSMG3 across
different cell/tissue types based on the CRM’s functional states as an enhancer in these cell/tissue
types. **: p-value <0.01 (Mann-Whitney U-test). D. Boxplots of expression levels of genes
MICALL?2, INSTI, MAFK and PSMG3 across different cell/tissue types based on the CRM’s
functional states as a silencer in these cell/tissue types. **: p-value <0.01 (Mann-Whitney U-test).

3.2.9 The “validated” silencers from silencerDB may contain false positives

We have previously shown that our CRM functional state predictor that used four active enhancer
marks substantially outperformed five state-of-the-art methods(20). As our enhancer predictor
trained on a more stringent positive set using three active enhancer marks achieved comparable
AUROC value (0.980) to that of our previous predictor (0.986) in the same dataset, to avoid
repetition, here we only evaluated the performance of our silencer predictor. To this end, we first
compared our 677,840 (57.5%) predicted silencers pooled from the 58 cell/tissue types (Figure 3-
3A) with the “validated” silencers from the silencerDB database(113). There were 8,588
“validated” unique silencers in silencerDB, which were identified by two recent studies using
MPRA(106) or its variant called repressive ability of silencer elements (ReSE) screen(107). Our
predicted silencers overlap 4,661 (54.3%) of the “validated” silencers by at least a 1bp, while only
5,525 (64.3%) of the “validated” silencers overlap 5,434 (0.5%) of our predicted 1.2 M CRMs. To
see whether the rest 3,063 (35.7%) that do not overlap our CRMs are really functional, we analyzed
their evolutionary behaviors using the phyloP scores. As shown in Figure 3-7A, like our predicted

3

silencers the “validated” silencers that at least partially overlap our CRMs are under strong
selection as indicated by their broadly distributed phyloP scores(62). By contrast, the remaining
“validated” silencers that do not overlap our CRMs are more selectively neutral as indicated by
their narrowly distributed phyloP scores around 0 (Figure 3-7A)(62). We thus posit that the
“validated” silencers that do not overlap our CRMs might represent false positives. If we exclude

these false negative “validated” silencers (35.7%) and only consider the 5,525 (64.3%) of the

validated silencers that overlap our predicted 1.2M CRMs, then we recall 84.4% (4,661) of them.
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Thus, our method has achieved 84.4% sensitivity for recalling validated silencers overlapping our

1.2M CRMs, substantially higher than by chance (0.3%=57.5% x 0.5%).

3.2.10 Comparison of our predicted silencers with predicted silencers from two existing
methods

Next, we compared our 677,840 silencers with the predicted silencers from silencerDB, primarily
by two previous studies(105, 107). Specifically, Huang et al.(105) predicted a set of silencers by
correlating putative active silencer epigenetic marks (H3K27me3) signals on DHSs with mRNA
levels of neighboring genes across 25 different cell/tissue types, and then predicted additional
silencers using an SVM model trained on the set using a combination of sequence features,
epigenetic marks and gene expression profiles (CoSVM). Hawkins et al.(107) predicted silencers
using a gkmSVM model by employing a simple subtractive strategy to obtain uncharacterized
regulatory elements as potential silencers. After removing the redundancy in different cell/tissue
types, we ended up with 157,813 and 982,985 non-redundant putative silencers predicted by

CoSVM and gkmSVM, respectively.
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Figure 3-7. Comparison of our predicted silencers with the “validated” silencers and predicted
silencers by CoSVM and gkmSVM. A. Distributions of phyloP scores of “validated” silencers that
overlap or do not overlap our CRMs, as well as of our silencers. B. Boxplots of lengths of our
predicted silencers, CoSVM-predicted silencers and gkmSVM-predicted silencers. C. Pie charts
of CoSVM-predicted silencers (left) and gkmSVM-predicted silencers (right), which overlap our
silencers, do not overlap our silencer but overlap our CRMs and do not overlap our CRMs. D.
Distributions of phyloP scores of gkmSVM-predicted silencers and CoSVM-predicted silencers,
which overlap and do not overlap our CRMs, as well as of our silencers.

As summarized in Table 3-1, gkmSVM predicted the highest number (982,985) of silencers,
followed by our method (677,840) and CoSVM (157,813). However, our predicted silencers with
a median length of 989 bp are longer than those predicted by CoSVM (601 bp) and gkmSVM (150
bp) (Figure 3-7B) and covers a greater proportion (33.3%) of the genome than those by CoSVM
(4.8%) and gkmSVM (5.7%) (Table 3-1). Only 38,525 (24.4%) of the CoSVM-predicted silencers
could be mapped to 52,539 (5.3%) gkmSVM-predicted silencers, indicating that the two methods
predicted quite different sets of sequences as silencers. On the other hand, of the CoSVM-predicted

silencers, 151,706 (96.1%) overlap 142,136 (12.1%) of our predicted 1.2M CRMs, of which
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141,062 (89.4%) overlap 127,380 (10.8%) of our predicted silencers, while 10,644 (6.7%) overlap
our CRMs but do not overlap our silencers, and 6,107 (3.9%) do not overlap our predicted CRMs
(Figure 3-7C). As expected, the 151,706 CoSVM-predicted silencers that overlap our CRMs have
similar evolutionary constraints as our predicted silencers (Figure 3-7D), suggesting that they
might be true silencers. In this regard, our predicted silencer recalled most (93.0%) of CoSVM-
predicted silencers, substantially higher by chance (7%=57.5% x 12.1%). Interestingly, the 6,107
CoSVM-predicted silencer that do not overlap our CRMs also have similar evolutionary
constraints as our predicted silencers (Figure 3-7D), suggesting that they might be true silencers,
but our CRM predictor dePCRM2 failed to predict them to be CRMs. This could be explained by
the fact that dePCRM?2 is not able to touch about 15% of the genome because of unavailability of
TF binding data in these regions, therefore missing those CRMs that can function as silencers.
Moreover, of the gkmSVM-predicted silencers, 592,502 (60.3%) overlap 342,813 (29.1%)
of our 1.2 M predicted CRMs, 432,572 (44.0%) overlap 232,960 (19.8%) of our predicted silencers,
159,930 (16.3%) overlap our CRMs but do not overlap our silencers, and 390,483 (39.7%) do not
overlap our predicted CRMs (Figure 3-7C). As expected, the 592,502 gkmSVM-predicted
silencers that overlap our CRMs have similar evolutionary constraints as our predicted silencers
(Figure 3-7D), suggesting that they might be true silencers. In this regard, our method recalled
most (73.0%) of them, substantially higher by chance (16.7%=57.5% x 29.1%). In contrast, the
gkmSVM-predicted silencers that do not overlap our CRMs are largely selective neutral or nearly
so, suggesting that they are more likely false positives (Figure 3-7D). In summary, CoSVM-
predicted silencers appear highly accurate, and our predicted silencers recall 93.0% of them. Of

the gkmSVM-predicted silencers, 44.0% appear to be authentic, and our predicted silencers recall
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73.0% of them, while 39.7% appear to be false positives. Our method is comparable to CoSVM
but superior to gkmSVM in accuracy. However, our method predicts more silencers than CoSVM.

Table 3-1. Summary of silencers predicted by the three methods

Method # of unique silencers | Genome coverage Median length
CoSVM(105) 157,813 4.75% 601 bp
gkmSVM(ENCODE)(107) 982,985 5.67% 150 bp
Our prediction 677,840 33.3% 989 bp

3.3 Discussion

In this study, we introduce two LR models to separately predict the functional states of our
previously predicted 1.2M CRMs(19) as enhancers and silencers. The enhancer predictor uses
signals of three epigenetic marks (CA, H3K4mel and H3K27ac) on the CRMs as features. We
choose these marks since they have been shown to be associated with active enhancers(114). The
silencer predictor also employs signals of three epigenetic marks (CA, H3K9me3 and H3K27me3)
on the CRMs as features. We choose these three marks based on the following reasons: CA is a
hallmark of TF binding on CRMs including silencers(115, 116), both H3K9me3(117, 118) and
H3K27me3(119) have been shown to be associated with repressive DNA sequences, and CA as
well as H3K27me3 have been used as features for predicting silencers(105). As many cell/tissue
types only have one set of these epigenetic marks, we build two independent predictors for their
wider applicability as demonstrated in this study. Our enhancer predictor achieves comparable
AUROC (0.977 vs 0.986) as our previous predictor that used four marks, which substantially
outperforms five state-of-the-art methods(120). Our silencer predictor also achieves a high
AUROC of 0.962, albeit slightly smaller than that (0.977) of the enhancer predictor. Although
none of the three epigenetic marks alone or their combinations are specific for either active
enhancers(29, 30, 33) or silencers(105), each of the three marks alone and their combinations

achieve from moderate (0.685) to high (>0.95) AUROC values. We attribute the high accuracy of
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the models to our two-step approach(120), i.e., we predict the functional types and states (second
step) of our CRMs that were predicted (first step) using TF binding data. This conclusion is in
good agreement with earlier reports that once the loci of CRMs are accurately anchored by the
binding of key TFs, epigenetic marks can be accurate predictors of the functional states of the
CRMs(29, 30, 33). Applying the enhancer model to the 105 cell/tissue types with data of the three
active enhancer marks available, and the silencer model to the 58 cell/tissue types with data of the
three putative active silencer marks available, we predict 868,944 (73.8%) of our 1.2 M CRMs in
the human genome(19) to be active as enhancers or silencers in at least one of the 107 cells/tissue
types.

Particularly, in the 56 of the 107 cell/tissue types, with both active enhancer and silencer
marks data available, we predict 793,140 (67.3%) CRMs to be active enhancers, active silencers,
or both in at least one of the cell/tissue types. We classify the 793,140 CRMs in four types:
enhancer-predominant, silencer-predominant, dual functional, and unclassified. Moreover, we
further classified dual functional CRMs into type I and type II based on whether or not they can
be both active enhancers and active silencers in the same cell/tissue type. Moreover, since CA has
much higher weights than the two other marks in both the enhancer and silencer predictors, they
may predict some CRMs with very high CA signals but low signals of the two other marks both
as active enhancers and silencers in the same cell/tissue type, thereby overestimating dual
functional CRMs. To reduce possible such false positive predictions, we only consider the CRMs
that are predicted to be active by both predictors as type I dual functional CRMs only if they are
also labeled by at least one of the two other enhancer marks and one of the two other silencer
marks, and classify the remaining CRMs that do not meet this criterion as unclassified. This gives

a lower bounder 10.6% of the 793,140 CRMs to be dual functional. Consistent with earlier
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reports(9, 102, 104), type II dual functional CRMs may switch their roles in different cell/tissue
types, presumably by binding two different sets of TFs in different cellular contexts. To the best
of our knowledge, we for the first time find that type I dual functional CRMs can function both as
enhancers and silencers in the same cell/tissue type.

We show that the four types of CRMs (enhancer-predominant, silencer-predominant, type
I dual functional and type II dual functional) possess distinct properties in terms of their lengths
and TFBS densities, which reflect their functional complexity. Specifically, the longer lengths and
the higher TFBS densities of type I dual functional CRMs might also be related to their dual
functions in the same cell/tissue type, necessitating longer length and denser TF bindings. The
shorter lengths and lower TFBS densities of type II dual functional CRMs than those of type I dual
functional CRMs might be due to the fact that TFBSs in the former type can be shared for different
functions across different cell/tissue types, since they only serve a single function in each
cell/tissue type, while this might not be the case for the latter type. Such sharing might result in
reduced TFBS densities and shorter lengths of type II dual functional CRMs. The higher TFBS
density of type II dual functional CRMs than those of enhancer-predominant and silencer-
predominant CRMs suggest that the former type might need denser TFBSs than the latter two types
to execute both enhancer and silencer functions in different cell/tissue types by interacting with
different sets of TFs. Although enhancer-predominant CRMs tend to be shorter than silencer-
predominant CRMs (Figure 3-5D), the higher TFBS density of the former type suggests that
activating genes might be a more intricate process than repressing genes. Unclassified CRMs with
intermediate lengths and TFBS densities might be a mixture of the four types of CRMs. In the
future, we need to determine the types of unclassified CRMs. One possible approach is to consider

the positive or negative correlation between the predicted activation probabilities of a CRM and
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the expression levels of its potential genes in a TAD across multiple cell/tissue type, as well as the
physical proximity between the CRM and the transcription start sites of the potential genes as we
demonstrated for the CRM shown in Figure 3-6B. Alternatively, we may use more specific
epigenetic marks for active enhancers and silencers as features in machine-learning models when
such marks are available in the future.

The substantial or complete overlaps between enhancer and silencer epigenetic marks
peaks along type I dual functional CRMs strongly suggest that they are not artifacts by erroneously
concatenating enhancers/silencers with their adjacent silencers/enhancers. A type I dual functional
CRM might accomplish its dual roles in the same cell by simultaneously binding two sets of TFs
via their cognate binding sites that are interdigitated along the CRM. Alternatively, it might
accomplish its dual roles in different individual cells in a cell population of the same type by
separately binding two sets of TFs in different individual cells. However, before relevant single-
cell data are available, we could not differentiate these two possibilities. In either scenario, the
high overlaps between the epigenetic mark peaks of enhancers and silencers along type I dual
functional CRMs suggest that they might fulfill their dual roles by collaborative bindings of two
different sets of TFs to their cognate binding sites along the CRMs as recently suggested for
enhancers(121). Although type I dual functional CRMs can function both as enhancers and
silencers in the same cell types, they more often only function as enhancers or as silencers in
different cell/tissue types, presumably by binding one of the two sets of TFs, indicating the highly
dynamic and cellular context dependent nature of their usage.

Our predicted silencers recall 84.4% of MPRA-validated silencers falling in our predicted
CRMs, while missing the remaining 15.6%, indicating that we might need data from more

cell/tissue types to predict them. On the other hand, we find that the “validated” silencers that do
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not overlap our predicted CRMs might be false positives as they are largely selective neutral. This
result is consistent with our recent finding(122) and other reports(123-127) that a considerable
proportion of “regulatory sequences” identified by expression vector-based methods such as
MPRA and its variants might be false positives. The two sets of previously predicted silencers
cover a similar proportion (4.75% vs 5.67%) of the genome, but differ largely in their numbers
(157,813 vs. 982,984) and have few overlaps. We find that CoSVM-predicted silencers are rather
accurate, while gkmSVM-predicted silencers might have a false positive rate at least 39.7%. Our
predicted silencers recall 93.0% CoSVM-predicted and 73.0% of gkmSVM-predicted silencers
falling in our CRMs. Clearly, to recall the missed 7.0% of CoSVM-predicted and 27% of
gkmSVM-predicted silencers falling in our CRMs, we might need more data from more diverse
cell/tissue types. On the other hand, both CoSVM and gkmSVM miss 89.2% and 79.2% of our
predicted silencers. Therefore, our method predicts much more silencers than CoSVM and
gkmSVM while achieving accuracy comparable to that of CoSVM and superior to that of
gkmSVM.

With the ongoing expansion of epigenetic and TF binding data available in a wide
spectrum of cell/tissue types, our two-step approach holds the potential to uncover a more
comprehensive map of CRMs in the genome, and then predict their functional types and states
within these cell/tissue types. Based on the accurately predicted functional states of the CRMs and
the expression levels of genes across a large number of cell/tissue types, as well as physical
proximity between the CRMs and genes in TADs, it is possible to predict the target genes of the
CRMs. This forward-looking perspective underscores the adaptive nature of our approach and its
ability to yield deeper insights into the regulatory genomes and transcriptional machineries as

datasets continue to grow and diversify in the future.
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3.4 Conclusion

In this study, we extend our two-step approach(20) so that it can simultaneously predict the
functional states and types of our previously predicted 1.2M CRMs(19) using data of only five
epigenetic marks in a cell/tissue type. Applying the method to cell/tissue types with the data
available, we classified the CRMs into four types (enhancer-predominant, silencer-predominant,
type I dual functional and type II dual functional CRMs) with distinct properties reflecting their
functional complexity. Dual functional CRMs and silencers might be more prevalent than
previously assumed. The accurate prediction of functional types and states of CRMs opens avenues
for identifying their target genes.

3.5 Materials and Methods

3.5.1 The datasets

We obtained a set of 1,178,229 predicted CRMs in the human genome from our prior work(19).
We downloaded histone mark ChIP-seq, DNase-seq, ATAC-seq and TF ChIP-seq data in 67
human cell/tissue types from Cistrome Datasets Browser(110, 111) (Supplementary Table S3-1,
S3-2, S3-3). All these 67 cell/tissue types have data for the three active enhancer marks (CA,
H3K4mel and H3K27ac), and 40 of them also have data for the three active silencer marks (CA,
H3K27me3 and H3K9me3). We downloaded ATAC-seq and histone mark ChIP-seq data and
RNA-seq data in 107 cell/tissue types from ENCODE data portal(74), of which 105 cell types have
data for active enhancer marks (CA, H3K4mel and H3K27ac), 58 have data for active silencer
marks (CA, H3K27me3 and H3K9me3), 56 have data for both the active enhancer and active
silencer marks, 49 only have data for active enhancers, and 2 only have data for active silencer
marks (Figure 3-3A, Supplementary Table S3-10, S3-11). We downloaded the Hi-C contact matrix

of the K562 cell line from the ENCODE(74) portal with the session ID ENCFFOS0DP]J.
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3.5.2 Epigenetic mark feature scores
For each epigenetic mark e and a sequence c, which can be a CRM or non-CRM, we define a raw
feature score as:

Fraw(€,€) = T TieSie B-1
where N, is the number of peaks of e mapping to c¢ at least 50% of the length of either one, 7; . the
ratio of overlapping length between ¢ and the i, peak of e over the length of the iz, peak of e,
S; ¢ the signal of the i, peak of e quantified by MACS2(128, 129). We then normalized each raw

epigenetic feature score in each cell/tissue type by the min-max normalization, i.e.,

| (C; 6’) - min(F;"aw (C, 6))
max(F;"aw (Cr e)) - min(F;"aw (C; e))

F(c,e) = (3-2)

where C denotes all candidate sequences in the genome, min (F.,,, (C,e)) and max (F,.4,,(C,e))
the minimum and maximum raw score of the epigenetic mark e over C in the cell/tissue type.

3.5.3 Prediction of functional states of CMRs

Since a CRM can function both as an enhancer and a silencer in different cellular contexts, we use
two separate models to predict the activation probability of a candidate CRM to be an enhancer
and a silencer in a cell/tissue type. Specifically, we used an LR model to predict the activation
probability of a candidate CRM functioning as an enhancer using signals of three active enhancer
markers, i.e., CA, H3K4mel and K3K27ac. Meanwhile, we used a similar LR model to predict
the activation probability of a candidate CRM functioning as a silencer using signals of three active
silencer markers, i.e., CA, H3K9me3 and K3K27me3.

3.5.3.1 Construction of positive and negative sets: In each of 67 cell/tissue types with the
required data available, we selected the CRMs that overlap TF binding peaks and at least one of

active enhancer marks H3K4m1 and K3K27ac, or of silencer marks K3K27me3 and K3K9me3 in
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the cell/tissue type as the positive enhancer or silencer set, to ensure the high quality of the positive
set in a cell/tissue type. At the same time, we randomly selected predicted non-CRMs with matched
numbers of the positive sets as the negative sets. We pooled the positive and negative sets in all
the relevant cell/tissue types separately to construct a comprehensive positive set and a negative
set for enhancers and silencers, resulting in 1,415,796 positive enhancers and 256,766 positive
silencers and the same numbers of respective negative sets. Thus, the positive sets and negative
sets for both enhancers and silencers are well-balanced.

3.5.3.2 Model training and evaluation: Ten-fold cross-validation was conducted to train and
assess the performance of seven models using all the seven possible combinations of three marks
as the features. The models were implemented using sci-kit learn v.0.24.2 and the code is available
at https://github.com/zhengchangsulab/EnhancerSilencerPrediction.

3.5.3.3 Prediction: We applied both trained enhancer model and silencer model to the 1,178,229
CRMs in each of the 107 cell/tissue types with the required data available. We predict a CRM to
be an active enhancer or silencer if its activation probability as an enhancer or a silencer is greater

than 0.5.

3.5.4 Heat maps of epigenetic marks

We used the “EnrichedHeatmap” package(130) version 4.2.2 to generate heat maps of signal
intensities of epigenetic marks in a 6 kb region centered on a CRM. We computed the mean signal
value for a mark in each100 bp sliding window in each of the 6 kb sequences, using “w0” as the
“mean_mode”. The line plot on the top of the heat map is the mean signals of each window at a
position across all the sequences of a set of CRMs. The CRMs within each set are ranked based

on their CA signal strengths in descending order.

3.5.5 Overlapping ratio of the enhancer and silencer epigenetic marks along dual functional
CRMs
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We merged the peak regions of the two enhancer marks H3K4mel and H3K27ac on a CRM to
form a unified region E,,, 4.k, and those of the two silencer marks H3K9me3 and H3K27me3 on
the CRM to form another unified region S,,,,. We computed the overlapping ratio between
enhancer and silencer marks on the CRM as:

overlap(Emarir Smari)
min(len(Epgric), len(Smark)

overlapping ratio = (3-3)

where overlap(E_mark, S_mark) denotes the length of the overlapping part between E,, 4%

and Sy, 4k, and len(E_mark) and len(S_mark) the lengths of S, 4k and Sy, qrk, respectively.

3.5.6 Heat map of Hi-C contact matrix

We used the Juicebox(131) version 2.17.00 to generate the heat map of the Hi-C contact matrix
using the Hi-C data from K562 cells with default settings at a resolution of 1 kb on the region from
1,350,000 to 1,600,000 bp on chromosome 7.

3.6 Availability of data and materials

The datasets and code supporting the conclusions of this chapter are available at
https://github.com/zhengchangsulab/EnhancerSilencerPrediction and are included within the

chapter and its supplementary tables at https://github.com/sisyyuan/CRM_Dissertation.
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Chapter 4
PREDICTION OF TARGET GENES OF CRMs IN THE HUMAN GENOME REVEALS
THEIR DISTINCT PROPERTIES

4.1 Introduction

High throughput methods like Hi-C(34) and chromatin interaction analysis with ChIA-
PET(35), which examine physical proximity between two linearly distant loci, have been used to
map regulatory relationships between enhancers and target genes(132-134) in various cell/tissue
types. Hi-C technologies have led to the identification of distinct genome compartments at the
mega-base scale. Compartment A resides in open, gene-rich euchromatin, while compartment B
is composed of closed, gene-poor heterochromatin(78). Interactions are more frequent within the
same compartment than across different compartments(135). Within the compartments, TADs are
formed at the sub-mega-base scale, where interactions are highly enriched within TADs relative
to between TADs(56). At a higher resolution, chromatin loops can establish spatial proximity
between specific distant genomic loci through a process called loop extrusion(136-138). However,
it is difficult to identify CRM-gene regulations precisely due to the often-low genomic resolution
of such data and that genomic contacts may not guarantee regulation relationships. More recently,
CRISPR technology has been used to identify target genes of putative CRMs in various ways(139).
For example, CRISPRa was used to probe putative enhancers for their potential to regulate nearby
genes(140). Additionally, CRISPRi was employed to identify regulatory relationships by targeting
putative enhancers and assessing the effects on the neighboring genes(141-144). Nonetheless,
these methods are limited to a few CRMs and genes. Consequently, experimental determination
of target genes of CRMs on a genome-wide scale remains an ongoing challenge.

In the past few years, several computational methods have been developed for predicting

target genes of putative enhancers and silencers. However, these methods are limited, since in the
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absence of a precise and comprehensive CRM map in the genome, they aim to predict target genes
for specific genomic regions marked by distinct epigenetic modifications. These methods attempt
to predict both CRMs and their target genes, along with their functional types if applicable, all in
a single step. The predominant one-step approaches for predicting target genes of enhancers
include score-based(36, 37), correlation-based(38-40) and machine learning methods(40-44).

As the most intuitive and widely used score-based method, the distance-based method uses
the genomic distance or some function of the distance, usually defined as the number of bp between
the potential regulatory region and TSS of the candidate gene(36). The simplest distance-based
method assigns the gene whose TSS is closest to either end of a CRM as the CRM’s target gene.
While this closest neighbor assignment (CNA) method suits some predictions well, it can overlook
distant regulations. This is crucial because a CRM can target genes from hundreds of thousands to
a million bp away(145), and a CRM can regulate multiple target genes(146). Other score-based
methods incorporate additional geometric or functional data, consolidating multiple metrics into a
composite score that quantifies a putative regulatory region’s potential in regulating a candidate
gene. For example, GeneHancer(37) integrates five features associated with enhancers and/or
target genes — RNA and eRNA levels, and eQTL, cHi-C and distance data — to predict target
genes of candidate enhancers compiled from four databases.

The correlation-based methods evaluate correlation between the activities of a potential
regulatory region and the activities of possible target genes across a panel of cell/tissue types.
DHSs, indicative of DNA accessibility, have been employed as potential regulatory regions, and
correlations between DHS signals in these regions and in promoters across a panel of 79 tissues
have been used to predict enhancer-gene links(147). However, it turns out that the correction

between DHS signals alone is inadequate to indicate enhancer-gene regulations(38). Thus, a
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variant method was proposed that quantified correlations between DHS signals at potential
regulatory regions with the expression levels of possible target genes(38). Moreover, correlation
between DNA methylation levels at potential regulatory regions and the expression levels of
possible target genes has also been utilized to pinpoint enhancer-gene regulations(39, 148).

Supervised learning models trained on “golden standard” enhancer-gene links, along with
an equivalent number of negative links, have been used to predict unknown links using features
such as gene expression levels(42), DHS signals(42, 43), histone marks(40, 42), correlations of
these signals(40), sequence compositions(40, 44), and the distance(40, 43) between candidate
enhancers and the TSSs of potential target genes. However, a significant drawback of these
methods is the lack of sufficient experimentally validated “golden standard” positive and negative
sets(16), leading different groups to define training sets differently. This divergence in defining
training sets can introduce noise and potentially influence prediction accuracy. Moreover, in many
of these methods(132, 133, 144), the candidate genes were typically screened within an arbitrarily
selected flanking region around putative CRMs, although the true target genes can be located
outside of the region.

To overcome the limitation of these existing one-step methods for predicting the loci of
enhancers and silencers, we have recently proposed a two-step approach based on the following
two observations: 1) TF binding is more informative for locating CRMs than CA and histone marks;
and 1) once the loci of a CRM’s is accurately located, epigenetic marks on the enhancers are good
predictors of its functional state(29-33). Specifically, we first predict a highly accurate and more
complete map of CRMs in the genome, and then predict the functional states of all the CRMs in
various cell/tissue types of the organism. For the first step, we have developed the dePCRM2

algorithm(19) that predicts the locations of all possible CRMs in the genome by integrating all



76

available TF ChIP-seq datasets in various cell/tissue types of the organism(19). Applying
dePCRM?2 to more than 11k TF ChIP-seq datasets in various human cell/tissue types, we predicted
1.2M CRMs in the human genome. For the second step, we have developed two LR models that
can accurately predict functional states of the many CRMs as enhancers and silencers in any
cell/tissue types using CA in combination with two active enhancer or silencer histone marks,
thereby simultaneously predicting the functional types and states of the CRMs. This two-step
approach substantially outperforms existing one-step methods for predicting the loci of CRMs in
the genome as well as their functional types and states in cell/tissue types of the organism(20).
Nonetheless, since CA has overwhelmingly higher weights than do the two enhancer or silencer
histone marks in both the LR models, they are unable to unambiguously distinguish enhancers and
silencers that have high CA signals but weak enhancer or silencer histone marks signals(20, 149).
Moreover, unlike CA data that are widely available in a broader range of cell/tissue types, data of
the two enhancer or silencer histone marks are only available in a small number of even well-
studied human and mouse cell/tissue types, limiting the application and statistical power of the
models.

Building upon the success of the two-step strategy and by overcoming the limitation of the
LR models, we now introduce a method, CAPP for the third step of our strategy to predict the
target genes of the predicted CRMs in a genome-wide fashion. CAPP predicts enhancer-gene and
silencer-gene links based on the correlation between functional states of the CRMs and the
expression levels of potential target genes within the same TAD across a panel of cell/tissue types
as well as physical proximity between the CRMs and potential target genes. In this way, CAPP is

able to not only predict the CRMs’ target genes, but also to more accurately predict their functional
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types. We show that CAPP out-performs state-of-the-art methods in accuracy, while predicting
substantially more CRM-gene links.

4.2 Results

4.2.1 Most of the genome and our predicted CRMs are covered by consensus TADs in various
cell types

Since CRM-gene regulations are believed to occur mainly within a TAD(18, 150-152), to reduce
the search space we only consider CRMs and genes in the same TAD for potential regulation
relationships. Utilizing Hi-C interaction data in six cell/tissue types, we identified their TADs at
five resolutions (5,000 bp~100,000 bp). As expected, TADs identified at different resolutions
cover varying proportions of the human genome, genes and our predicted CRMs in each cell/tissue
type (Figure 4-1A shows the case in the K562 cells). As TADs predicted at a higher resolution
tend to be shorter and are often nested inside of larger ones predicted at a lower resolution, we thus
merged overlapping TADs predicted at different resolutions to form certain number of merged
TADs (e.g., there are 944 merged TADs in K562 cells), which cover higher proportions of the
genome, genes and CRMs than TADs predicted at a single resolution (Figure 4-1A for the K562
cells). Particularly, the vast majority (1,178,225, or 96.2%) of our 1,225K predicted CRMs in the
genome are located within the merged TADs (Figure 4-1A). Similar results were obtained in other
five cell/tissue types with Hi-C data available (Figure 4-2). As shown in Figure 4-1B, 81.12% of
the genome can be covered by the merged TADs in all the six cell/tissue types, and 6.48% of the
genome remains uncovered by any of the merged TADs in the six cell/tissue types, while 91.44%
of the genome are covered by the merged TADs in at least two cell/tissue types, suggesting that
TADs from different cell/tissue types are largely invariable, consistent with previous reports(153-

155). Therefore, in cases where Hi-C data is not yet available in a cell/tissue, we use TADs from
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these six cell/tissue types as a substitute. Particularly, if not otherwise noted, the analysis was

conducted using TADs derived from the K562 cells.
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Figure 4-1. Coverage analyses on predicted TADs. A. Coverage of the genome, CRMs and genes
by TADs identified at various resolutions and by merged TADs in the K562 cells. B. Proportion
of the genome covered by the merged TADs from different numbers of cell lines. The legends
such as “6 TADs 81.12%” means 81.12% of the genome is covered by the merged TADs from the
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in Liver). E. IMR90 (Fibroblast in Lung).



79

4.2.2 CA alone can accurately predict the functional states of CRMs

As the first step of the CAPP method, it predicts functional states of CRMs in as many as possible
cell/tissue types of the organism. To this end, unlike our previous method that used two LR models
with CA and two histone marks as the features(20, 149), CAPP employs a single LR model with
CA as the sole feature to predict functional states of CRM without first differentiating their types
(enhancers and silencers). When trained and evaluated on the 67 human cell/tissue types (Materials
and Methods) with ten-fold cross-validation, the LR model achieved a median AUROC of 0.93
(Figure 4-3), which was only slightly lower than those (AUROC=0.98) of LR models using two
additional histone marks(20, 149). Hence, the LR model using CA as the sole feature is able to
accurately predict the functional states of CRMs in a given cell/tissue type, although it cannot
differentiate their functional types (enhancers and silencers). Applying the model to the 107 human
cell/tissue types, we predicted highly varying numbers of active CRMs ranging from 18,995 (1.6%)
in SJSA1 cells to 166,236 (14.1%) in motor-neuron cells, with a median of 64,476 (5.5%) in the
cell/tissue types (Supplementary Table S4-1). We predicted a total of 7,363,163 active CRMs in
the 107 cell/tissue types. After removing the redundancy, we ended up with a total of 547,695

(46.5%) non-redundant active CRMs in the 107 cell types.
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Figure 4-3. ROC curves of the LR model with CA as the sole feature. The red curve is the median
ROC curve from the results of 10-fold cross-validation using positive and negative data in 67
human cell/tissue types.

4.2.3 Target genes of one fifth of CRMs can be predicted using currently available datasets

After the functional states of the CRMs are predicted, CAPP predicts the target genes of the CRMs
in TADs by examining the correlation across a panel of cell/tissue types between their functional
states and expression levels of genes located within the same TADs, followed by validation of
physical proximity between the CRMs and the genes using Hi-C interaction data available in the
six cell/tissue types (Materials and Methods). To ensure high statistical power of the predictions,
we only considered the CRMs that were predicted to be active and inactive in at least five different
cell/tissue types, resulting in 260,220 (47.8%) CRMs out of the 547,695 CRMs that were predicted
to be active in at least one of the 107 cell/tissue types. At an FDR of 0.1, CAPP predicted 240,024
(92.2%) CRMs that enhanced the expression of 47,765 genes via 4,399,244 enhancer-gene
regulations. Similarly, at the same FDR, CAPP predicted 11,592 (4.5%) CRMs repressed 10,400
genes via 31,477 silencer-gene regulations. In total, CAPP predicted 47,775 (82.0% out of 58,261)
target genes for 240,680 (92.5% out of 260,220) CRMs. Thus, CAPP was able to predict target
genes for one fifth (20.4%) of the 1,178K CRMs within TADs using data available in only 107

cell/tissue types. Of the 240,680 CRMs with predicted target genes, 10,936 (4.5%) functioned as
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both enhancers and silencers (dual CRMs) for different genes, while 229,088 (95.2%) exclusively
acted as enhancers (exclusive enhancers), and the remaining 656 (0.3%) exclusively acted as
silencers (exclusive silencers). The fewer predicted silencers than predicted enhancers can be
attributed to the less prevalence of silencers than enhancers in transcriptional regulation. It is
evident that obtaining more data from more and diverse cell/tissue types is crucial to predict target

genes for more CRMs.

4.2.4 Dual functional CRMs tend to regulate the largest number of genes, followed by
exclusive enhancers and exclusive silencers

We first analyzed the number of genes regulated by the three different types of CRMs, i.e., dual
CRMs, exclusive enhancers and exclusive silencers. As shown in Figure 4-4A, dual CRMs tend to
regulate more genes than exclusive CRMs. Furthermore, exclusive enhancers tend to regulate more
genes than exclusive silencers (Figure 4-4A). Specifically, 33.9% of dual CRMs regulate no more
than 10 genes, contrasting with 52.4% for exclusive enhancers and 95.3% for exclusive silencers.
These results indicate that exclusive silencers tend to have narrower effects by regulating few
genes, and exclusive enhancers tend to have broader effects by regulating larger numbers of genes,
while dual CRMs can function as both enhancers and silencers, and thus, regulate the largest

number of genes.

4.2.5 Enhancers are more cooperative than silencers to regulate target genes

We next analyzed the numbers of enhancers or silencers that regulate a gene. As shown in Figure
4-4B, 95.6% of genes are regulated by no more than 10 silencers and only 4.4% of genes are
regulated by more than ten silencers. In contrast, only 9.8% of genes are regulated by no more than
10 enhancers and 90.2% of genes are regulated by more than ten enhancers. These results suggest
that enhancers are more likely to cooperate with one another to regulate a gene than silencers. In

other words, multiple enhancers are required to up-regulate a gene, while only few silencers are
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needed to down-regulate a gene. This result is in line with a previous report that an assembly of
multiple enhancers, often located tens to hundreds of thousands of bp away from their target gene,

tend to collaboratively regulate the common target gene by looping to the gene’s promoter(156).
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Figure 4-4. Comparisons of different types of CRMs for their predicted target genes and regulation
lengths. A. Cumulative probability of CRMs regulating the indicated numbers of genes. The inset
is a zooming-in view of the region with the number of genes not larger than 10. B. Cumulative
probability of genes regulated by the indicated numbers of CRMs. The inset is a zooming-in view
of the region with the number of CRMs not larger than 10. C. Boxplots of regulation lengths (in
bp) of the predicted exclusive enhancer-gene, exclusive silencer-gene, dual enhancer-gene and
dual silencer-gene regulations. D. Cumulative probability of regulation lengths (in bp) of the
predicted exclusive enhancer-gene, exclusive silencer-gene, dual enhancer-gene and dual silencer-
gene regulations. E. Boxplots of t values of target genes of exclusive enhancers, exclusive
silencers, dual enhancers and dual silencers. F. Boxplots of the number of cell/tissue types where
target genes of exclusive enhancers, exclusive silencers, dual enhancers and dual silencers are
expressed.

4.2.6 Dual functional CRMs tend to regulate more distant genes
We ask whether different types of CRMs have preference to regulate nearby or distant genes. To

this end, we compared the distribution of regulation lengths of our predicted CRM-gene
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regulations. Here the regulation length is defined as the distance in bp between the nearer end of a
CRM and the TSS of its target gene. If a target gene’s TSS falls within the body of a CRM, we
consider the regulation length to be 0. For each dual CRM, we call it a dual enhancer when it
functions as an enhancer, and a dual silencer when it functions as a silencer. As illustrated in Figure
4-4C, the regulation lengths of dual enhancers and silencers are significantly longer than those of
exclusive CRM-gene links, while those of exclusive enhancers are significantly longer than those
of exclusive silencers. Interestingly, dual enhancers tend to regulate more distant genes than dual
silencers, mirroring the behaviors of exclusive enhancers and exclusive silencers. Remarkably,
approximately 32.7%, 27.1%, 20.1%, and 11.6% of the dual enhancer-gene, dual silencer-gene,
exclusive enhancer-gene, and exclusive silencer-gene links, respectively, exhibit a regulation
length exceeding SM bp (Figure 4-4D). This exceeds the fixed 1~5M bp flanking regions used in
conventional approaches, which can potentially miss such regulations. Similarly, the number of
intervening genes between dual functional CRMs and their target genes are greater than those

between exclusive CRMs and their target genes (Figure 4-5A and 4-5B).
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4.2.7 Enhancers tend to regulate more narrowly expressed genes while silencers tend to
regulate more broadly expressed genes

To explore whether enhancers and silencers exhibit preferences for regulating specific types of
genes, we analyzed the expression patterns of their predicted target genes. Specifically, we first
calculated the t index value(157) for each gene within TADs that were expressed (transcript per
million (TPM) > 0) in at least one of the 107 distinct cell/tissue types. The t index measures gene
expression specificity, with a value of 0 indicating ubiquitous expression and a value of 1
indicating expression in a single cell/tissue type(157). Genes regulated by enhancers tend to have
greater T values than those regulated by silencers (Figure 4-4E), implying that enhancers tend to
regulate more narrowly expressed genes, while silencers tend to regulate more broadly expressed
genes. Exclusive enhancers tend to have the highest 7 values, indicating its preference in regulating
narrowly expressed genes, while exclusive silencers tend to have the lowest T values, indicating
its preference in regulating broadly expressed genes (Figure 4-4E). Consistently, genes regulated
by enhancers tend to exhibit expression in fewer cell/tissue types than those regulated by silencers
(Figure 4-4F). Furthermore, exclusive enhancers have a propensity to regulate genes expressed in
fewer cell/tissue types, while exclusive silencers tend to regulate genes expressed in a broader
array of cell/tissue types (Figure 4-4F). These observations underscore the distinct strategies that
enhancers and silencers take to regulate different gene types based on the prevalence of their

usages.

4.2.8 Static and active cis-regulatory networks can be built by the predicted CRM-gene links
Based on our 47,775 predicted target genes of the 240,680 CRMs, we constructed static cis-
regulatory networks (sSCRNs) whose nodes are the CRMs and their target genes, and the edges are
the CRM-gene links between them, regardless of the functional states of the CRMs in cell/tissue

types. The sCRNs are made of 753 connected components distributed across the 23 pair of
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chromosomes (Supplementary Table S4-2). Most of the connected components correspond to a
TAD since the predicted regulations are primarily within the same TAD. However, some
components may correspond to more than one TAD due to CRMs or genes crossing the border
between two TADs, resulting in regulation across adjacent TADs, or one TAD might break into
several components due to the hierarchical nature of TAD structures. The active cis-regulatory
networks (aCRNs) in a cell/tissue type can be induced from the sCRNs by the active enhancer-
gene and silencer-gene links in the cell/tissue type. As an example, Figures 4-6A and 4-6B show
the sub-sCRNs on chromosome 10, composed of 33 connected components and the sub-aCRNs
on chromosome 10 in the K562 cells embedded in the sub-sCRNs with the active exclusive
enhancer-gene, exclusive silencer-gene and dual CRM-gene links highlighted in green, red and

orange, respectively. More network examples can be found in the APPENDIX B.
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Figure 4-6. Examples of sub-static and sub-active cis-regulatory networks on chromosome 10. A.
The sub-static cis-regulatory networks on chromosome 10 are made up of 33 connected
components. The sub-active cis-regulatory networks on the chromosome in the K562 cells are
embedded in the static cis-regulatory networks and can be induced by active exclusive enhancers,
active exclusive silencers and active dual CRMs in the cells. The circles represent CRMs,
including inactive CRMs (gray), active exclusive enhancers (green), active exclusive silencers (red)
and active dual CRMs (yellow) in the K562 cells. The purple squares represent genes and their
size are proportional to the degrees, i.e., the number of their regulating CRMs. The edges represent
regulation relationships between CRMs (circles) and genes (squares). The edges linked to active
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CRMs are colored by the same colors as the type of active CRMs. B. The zooming-in view of the
connected component from Figure 4-6A in light blue shadow rotated counterclockwise by 30
degrees.

4.2.9 Our model outperforms the distance-based method CNA

We compared our method CAPP with a commonly used distance-based method, CNA. To do so,
we considered the 260,220 CRMs that were predicted to be active and inactive in at least five of
the 107 cell/tissue types. For each of these 260,220 CRMs, we assigned the gene(s) whose TSS(s)
was(were) closest to the CRM as its target gene(s), resulting in 287,946 CRM-gene regulations (a
CRM may have multiple closest genes). First, we evaluated the possibility of these CRMs being
enhancers of the assigned target genes. To this end, we tested whether the expression levels of the
putative target genes of each CRM were significantly higher in the cell/tissue types where the
CRM was active than in the other cell/tissue types where the CRM was inactive. At an FDR of 0.1,
117,319 (40.7%) of the 287,946 CRM-gene regulations predicted by CNA exhibited significantly
positive regulation, while the rest 59.3% did not show enhancer-gene regulations (Figure 4-7A).
In contrast, all of our predicted 4,399,244 enhancer-gene regulations exhibited significantly
positive regulations (Figure 4-7A). Consistently, only 94,988 (33.0%) of the 287,946 CRM-gene
regulations predicted by CNA coincided with our 4,399,244 predicted enhancer-gene links (Figure
4-7B), implying that 33.7% of our enhancers are able to regulate their closest genes, while the
remaining 66.3% only regulate distant genes. Figure 4-7C shows an example of enhancer
chrY:20574642-20577538 regulating its closest gene EIFIAY. On average, our predicted
enhancers regulated 18.3 genes while those predicted by CNA only targeted 1.1 genes. Hence,
CNA might overlook distant regulations, missing out on the crucial one-to-many regulatory
mechanism for enhancers. This is significant as a CRM can target genes located hundreds of

thousands to a million bp away(145), and a single CRM might regulate multiple target genes(146).
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Next, we evaluated the possibility of these CRMs being silencers of the assigned target
genes. To this end, we tested whether the expression levels of the putative target genes of each
CRM were significantly lower in the cell/tissue types where the CRM was active than in the other
cell/tissue types where the CRM was inactive. Of the 287,946 CRM-gene links, at the same FDR
of 0.1, only 43 (0.01%) regulations exhibited significantly negative regulations, while the
remaining 99.99% of the CRM-gene regulation did not show significantly negative regulations
(Figure 4-7D). In contrast, all of our predicted 31,477 silencer-gene regulations exhibited
significantly negative regulations (Figure 4-7D). Consistently, only 123 (0.04%) of the 287,946
CRM-gene links predicted by CNA overlapped our 31,477 predicted silencer-gene links (Figure
4-7E), implying that only about 0.39% of silencers are able to regulate their closest genes, while
the remaining 99.61% only regulate distant genes. This result suggests that silencers, compared
with enhancers, tend not to regulate nearby genes. Figure 4-7F illustrates an example of a silencer
chr5:67798877-67801081 regulating its closest gene /nc-CD180-6. On average, our predicted
silencers regulated 2.7 genes while those predicted by CNA only targeted 1.1 genes. As in the case
of enhancers, CNA might neglect distant regulations, leading to a potential oversight of a one-to-
many regulatory mechanism for silencers. In summary, CAPP demonstrates superior performance

over CNA in predicting the target genes for both enhancers and silencers.
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Figure 4-7. Comparison of CNA and our method CAPP for predicting target genes of CRMs. A.
Distribution of FDR-adjusted p-values of enhancer-gene regulations assigned by CNA or predicted
by CAPP. The p-values were calculated by one tailed Mann-Whitney U test. B. Venn diagram of
enhancer-gene regulations assigned by CNA and enhancer-gene regulations predicted by CAPP.
C. Boxplots of expression levels of gene EIF'1AY against the functional states of its closest CRM
chrY:20574642-20577538 in the 107 cell/tissue types. p < 1e-14, one tailed Mann-Whitney U test.
The CRM chrY:20574642-20577538 is predicted by both CNA and CAPP to enhance the
transcription of gene EIFIAY. D. Distribution of FDR-adjusted p-values of silencer-gene
regulations assigned by CNA or predicted by CAPP. The p-values were calculated by one tailed
Mann-Whitney U test. E. Venn diagram of silencer-gene regulations assigned by CNA and
silencer-gene regulations predicted by CAPP. F. Boxplots of expression levels of /nc-CD180-6
against the functional states of its closest CRM chr5:67798877-67801081 in the 107 cell/tissue
types. p < le-7, one tailed Mann-Whitney U test. The CRM chr5:67798877-67801081 is predicted
by both CNA and CAPP to repress the transcription of gene /nc-CD180-6.

4.2.10 Comparison of our method with the activity-by-contact (ABC) model predictions

We next compared our predicted enhancer-gene regulations with those predicted by the ABC
model(144). The ABC model considers DNA sequences with DNase-seq and/or H3K27ac ChIP—
seq signals as regulatory elements (REs), and calculates a score for each RE to regulate a gene

within the two 5 Mb flanking regions around the RE. The score is defined as the product of the



90

strength of these epigenetic marks signals (Activity) in the RE and the Hi-C interaction frequency
(Contact) between the RE and the gene. Using a predefined threshold of the score, the ABC model
predicts a total of 175,860 non-redundant RE-gene links, involving 89,248 REs and 18,390 genes
in five human tissue/cell types (GM12878, K562, liver, LNCAP and NCCIT). CAPP predicted
4,399,244 enhancer-gene links involving 240,024 enhancers and 47,765 genes in these five
cell/tissue types. Therefore, CAPP predicted a much larger number of enhancer-gene links than
did the ABC model in the five cell types.

We found that 51,501 (57.7%) of the 89,248 REs overlap 32,855 (13.7%) of our 240,024
enhancers by at least one bp (Figure 4-8A). We noted that multiple REs may overlap one our
predicted enhancer, as REs are generally shorter than our enhancers (data not shown). We refer
these overlapping REs and enhancers as ERo (enhancer-RE overlapping) REs and enhancers,
respectively. The ERo REs and enhancers are involved in 99,241 (56.4%) RE-G (RE-gene) links
and 638,789 (14.5%) enhancer-G (enhancer-gene) links, respectively. If a pair of overlapping ERo
RE and enhancer regulate the same gene, we refer their respective link as an ERo RE-Gm (gene
match) link and an ERo enhancer-Gm link (Figure 4-8A); otherwise, we refer their respective link
as an ERo RE-Gnm (gene not match) link and an ERo enhancer-Gnm link (Figure 4-8A). This
classification yielded 30,448 (17.3%) ERo RE-Gm links, 68,793 (39.1%) ERo RE-Gnm links,
21,521 (0.5%) ERo enhancer-Gm links and 617,268 (14.0%) ERo enhancer-Gnm links (Figure 4-
8A). Thus, the ABC model predicted more RE-Gm links than enhancer-Gm links by CAPP, while
CAPP predicted more enhancer-Gnm links than RE-Gnm links by the ABC model. Moreover, we
found that 28,306 (31.7%) REs overlap our CRMs for which we were unable to predict their target
genes using the data available to us, and we refer them as ERno-Co (Enhancer-RE not overlapping,

but CRM-RE overlapping) REs, which are involved in 59,186 (33.7%) RE-G links (Figure 4-8A).
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The remaining 9,441 (10.6%) REs do not overlap any of the CRMs within TADs, we refer them
as CRno (CRM-RE not overlapping) REs, which are involved in 17,433 (9.9%) CRno RE-G links
(Figure 4-8A). To see whether these CRno REs are functional, we plotted the distribution of their
nucleotides’ phyloP scores(62). As shown in Figure 4-8B, the density curve of CRno REs is more
narrowly distributed with a high peak around 0, compared to those for the ERo REs and ERno-Co
REs, indicating that the CRno REs are more not under natural selection, and thus, at least some of
them might not be even parts of authentic enhancers (Figure 4-8B). Finally, 207,169 (86.3%) of
our 240,024 enhancers do not overlap the REs, and we refer them as ERno (Enhancer-RE not
overlapping) enhancers, which are involved in 3,760,455 (85.5%) enhancer-G links (Figure 4-8A).

Since H3K27ac is generally considered as a mark for active enhancers, the ABC model is
actually aimed to predict target genes of active enhancers in a cell type(144). However, we noted
that some REs from the five cell types overlapped our predicted inactive enhancers in the cell types,
although the REs were identified by their H3K27ac signals. We thus further investigated the issue
by applying our LR state predictor to the REs in the five cell types. Of the 20,982 REs in the K562
cells, while the majority (16,786 or 80.0%) were predicted to be active, the remaining considerable
4,196 (20.0%) were predicted to be inactive. By contrast, of the 1,178,225 CRMs in TADs, we
predicted 84,083 (7.1%) to be active enhancers and the remaining 1,094,142 (92.9%) to be inactive
enhancers in the K562 cells. Moreover, we predicted target genes for 60,164 (71.6%) of the 84,083
predicted active enhancers and for 179,860 (16.4%) of the 1,094,142 predicted inactive enhancers
in the K562 cells. Though our LR predictor only used CA as the feature, our predictions are
supported by the signals of the three active enhancer marks (CA, H3K27ac and H3K4mel) on the
predicted 1) active and inactive REs with either ERo RE-Gm links or ERo RE-Gnm links (Figure

4-8C), i1) active and inactive enhancers with either ERo enhancer-Gm links or ERo enhancer-Gnm
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links (Figure 4-9A), iii) active and inactive REs with either ERno-Co RE-G links or CRno RE-G
links (Figure 4-8D), and iv) active and inactive enhancers with ERno enhancer-G links (Figure 4-
9B). Specifically, in all these cases, the three epigenetic marks are enriched around the centers of
the predicted active RE or enhancers and are depleted around the centers of predicted inactive REs
(Figures 4-8C and 4-8D) and enhancers (Figures 4-9A and 4-9B). Hence, our prediction of
functional states for the REs are as accurate as for the enhancers using CA as the sole feature.
We reason that if the RE-G links or our enhancer-G links are correctly predicted, then the
expression levels of the target genes of REs or enhancers should be significantly higher in certain
cell/tissue types where the REs or enhancers are active than in other certain cell/tissue types where
the REs or enhancers are inactive. To ensure statistical power in evaluating the RE-G links, we
only consider REs that are active and inactive in at least five cell/tissue types. Our reasoning holds
for all our enhancer-G links (Figure 4-7A). By contrast, it holds for only 77.8% of the ERo RE-
Gm links (Figure 4-8E), suggesting that 22.2% of ERo RE-Gm links might be false positives. The
discrepancy between ERo RE-Gm links and ERo enhancer-Gm arises due to our requirement of a
single-bp overlap between REs and silencers, potentially leading to differing predictions of their
functional states. Moreover, of the ERo RE-Gnm links, only 19.7% were identified as significant
positive regulations at an FDR of 0.1, while the remaining majority (80.3%) might be false
positives. Furthermore, our ERo enhancers were linked to an average of 19.4 target genes, while
the overlapping REs were only linked to an average of 1.9 genes. Therefore, it is highly likely that
the ABC model might overlook some regulations, given the fact that the human genome encodes
at least 20 times as many CRMs as the genes(19, 48). In addition, only 32.7% of the ERno-Co RE-
G links and 36.7% of the CRno RE-G links (Figure 4-8E), exhibit significant positive regulations

(FDR of 0.1). Thus, our predictions might have missed some positive regulations predicted by the
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ABC model, particularly, the significant predictions in the ERno-Co RE-G links and the CRno
RE-G links. However, the ABC model might have disregarded a much larger number of ERno
enhancers and their target genes predicted by our method CAPP. Interestingly, we predicted more
enhancers to regulate a gene than the ABC model (91.2 vs 9.6). This might be due to an intrinsic
limitation of the ABC model, as it may overlook some regulations due to the reduction in the
weighted score for each regulation when a large number of enhancers regulate a gene. Considering
that different methods only take into account a subset of features of up-regulations, both our
approach and the ABC model merely scratch the surface of capturing the extensive landscape of

true enhancer-G regulations.
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Figure 4-8. Comparison of our predicted enhancer-gene links with the RE-gene links predicted by
the ABC model. A. A cartoon showing the overlaps between the RE-G links and the enhancer-G
links. Based on the overlaps between the REs and our enhancers, we divide them into different
categories: ERo enhancers and REs that overlap each other; ERno-Co REs that do not overlap the
enhancers but overlap our other CRMs; CRno REs that do not overlap any CRMs; and ERno
enhancers that do not overlap any REs. Accordingly, we also divide the RE-G links and enhancer-
G links into different categories: ERo RE-Gm and ERo enhancer-Gm links are those with
overlapping enhancers and REs and matched target genes; ERo RE-Gnm and ERo enhancer-Gnm
links are those with overlapping enhancers and REs but different target genes; ERno-Co RE-G
links are those for REs not overlapping enhancers but overlapping other CRMs; ERno enhancer-
G links are those for enhancers that do not overlap REs; and CRno RE-G links are those for REs
that do not overlap any CRMs. B. Density curves of PhyloP scores of the three categories of REs:
ERo, ERno-Co and CRno. C. Heat maps of ATAC, H3K27ac and H3K4mel signals of active and
inactive REs with ERo RE-Gm links or ERo RE-Gnm links in the K562 cells. D. Heat maps of
ATAC, H3K27ac and H3K4mel signals of active and inactive REs with ERno-Co RE-G links or
CRno RE-G links in the K562 cells. The heat maps show the mean signal of each 100 bp window
in each sequence and the plot above each column of heat maps shows the mean signal of each
window position across the sequences sampled in the same categories (Materials and Methods).
The color code for the categories in the density plot above each column is the same with the heat
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map legends. E. Boxplots of FDR-adjusted p-values for comparing the expression levels of
putative target genes of the REs with different categories of regulation links in cell/tissue types
where the REs are active with those in other cell/tissue types where the REs are inactive. The p-
values were calculated by one tailed Mann-Whitney U test as used in our method (CAPP).
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Figure 4-9. Heat maps of the three epigenetic marks around our enhancers. A. ATAC, H3K27ac
and H3K4mel signals of active and inactive enhancers with ERo enhancer-Gm links or ERo
enhancer-Gnm links. B. ATAC, H3K27ac and H3K4mel signals of active and inactive enhancers
with ERno enhancer-G links. The heat maps show the mean signal of each window in each
sequence and the density plot shows the mean signal of each window position across the sequences
sampled in the same categories (Materials and Methods). The color code for the categories in the
density plot above each column is the same with the heat map legends.

4.2.11 Comparison of our predicted silencer-gene links with those compiled in the silencerDB
database

SilencerDB(113) documents a total of 33,060 validated and 5,045,547 predicted silencers
(hereafter referred as REs). The predicted REs were collected from the CoSVM(105), the
gkmSVM method(107) and a variant of gkmSVM called deepSilencer(158). SilencerDB also
contains non-redundant 86,035 RE-G links predicted by paired expression and chromatin
accessibility (PECA)(159), involving 79,604 REs and 10,195 target genes. We compared our

predicted silencer-G (silencer-gene) links with those (hereafter referred as RE-G links) predicted
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by PECA. Among the RE-gene links, 2,084 have their 1,932 (2.4%) REs overlapping 1,086 (9.4%)
of our 11,592 silencers with predicted target genes. Like enhancers, we refer these overlapping
silencers and REs as SRo (Silencer-RE overlapping) REs and SRo silencers, respectively (Figure
4-10A). Out of the 2,084 SRo RE-G links, 97 (0.1%) also target the same gene as overlapping
silencers (SRo RE-Gm links), while 1,987 (2.3%) target different genes than overlapping silencers
(SRo RE-Gnm links). The 1,086 (9.4%) SRo silencers are involved in 3,520 (11.2%) SRo silencer-
G links, of which 55 target the same gene as overlapping REs involved in 55 (0.2%) SRo silencer-
Gm links, while 1,079 target different genes than overlapping REs involved in 3,465 (11.0%) SRo
silencer-Gnm links. It is important to note that an SRo REs and an SRo silencer can be involved
in both types of links. Among the RE-G links whose REs do not overlap our silencers, 56,342
(65.4%) have their REs overlapping our CRMs for which we were unable to predict their target
genes, and we refer them as SRno-Co REs; the remaining 27,609 (32.2%) have their REs not
overlapping with our CRMs, and we refer them as CRno REs (Figure 4-10A). As expected, in
contrast to the REs that overlap with our silencers or other CRMs, the CRno REs are more likely
selectively neutral (Figure 4-10B), suggesting that more of CRno REs might be false positives
(Figure 4-10B). Finally, 10,506 (90.6%) of our 11,592 silencers do not overlap the REs, and we
refer them as SRno (Silencer-RE not overlapping) silencers, which are involved in 27,957 (88.8%)
silencer-G links (Figure 4-10A).

As the functional states of the 79,604 REs with target genes predicted by PECA are
unknown in the cell types, we predicted them using our LR model using CA as the sole feature. In
K562 cells, 13,832 (17.4%) and 65,772 (82.6%) of the REs are predicted to be active and inactive,
respectively. Among our 11,592 silencers with predicted target genes, 2,820 (24.3%) are predicted

to be active, while the remaining 8,772 (75.7%) are deemed inactive in the K562 cells. As expected,
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predicted active REs (Figures 4-10C and 4-10D) and silencers (Figures 4-11A and 4-11B) are

enriched for the CA mark, while predicted inactive REs (Figures 4-10C and 4-10D) and silencers

(Figures 4-11A and 4-11B) are depleted of the CA mark in the cells. However, unlike enhancers,

there are no discernible patterns between active REs or silencers and inactive REs or silencers in

other epigenetic marks such as H3K27me3. This suggests that H3K27me3 may not serve as a

specific active silencer mark, as previously reported in a separate study(105).
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Figure 4-10. Comparison of our predicted silencer-gene links with the RE-gene links predicted by
the PECA from silencerDB. A. A cartoon showing the overlaps between the RE-G links and our
silencer-G links. Based on the overlaps between the REs and our silencers, we divide them into
different categories: SRo silencers and REs that overlap each other; SRno-Co REs that do no
overlap our silencers but overlap our other CRMs; CRno REs that do not overlap with any CRMs;
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and SRno silencers that do not overlap REs. Accordingly, we also divide the RE-G links and
silencer-G links into different categories: SRo silencer-Gm and SRo RE-Gm links are those with
overlapping silencers and REs and matched target genes; SRo RE-Gnm and SRo silencer-Gnm
links are those with overlapping silencers and REs but different target genes; SRno-Co RE-G links
are those for REs not overlapping silencers but overlapping other CRMs, and SRno silencer-G
links are those for silencers not overlapping REs; CRno RE-G links are those for REs that do not
overlap any CRMs. B. Density curves of PhyloP scores of the three categories of REs: SRo, SRno-
Co and CRno. C. Heat maps of ATAC and H3K27me3 signals of active and inactive REs with
SRo RE-Gm links and SRo RE-Gnm links in the K562 cells. D. Heat maps of ATAC and
H3K27me3 signals of active and inactive REs with SRno-Co RE-G links or CRno RE-G links in
the K562 cells. The heat maps show the mean signal of each 100 bp window in each sequence and
the plot above each column of heat maps shows the mean signal of each window position across
the sequences sampled in the same categories (Materials and Methods). The color code for the
categories in the density plot above each column is the same with the heat map legends. E.
Boxplots of FDR-adjusted p-values for comparing the expression levels of putative target genes
of the REs with different categories of regulation links in cell/tissue types where the REs are active
with those in cell/tissue types where the REs are inactive. The p-values were calculated by one
tailed Mann-Whitney U test as used in our method (CAPP).
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Figure 4-11. Heat maps of the two epigenetic marks around our silencers. A. ATAC and
H3K27me3 signals of active and inactive silencers with SRo silencer-Gm links or SRo silencer-
Gnm links. B. ATAC and H3K27me3 signals of active and inactive silencers with SRno silencer-
G links. The heat map shows the mean signal in each window in each sequence and the density
plot shows the mean signal of each window position across the sampled sequences in the same
categories (Materials and Methods). The color code for the categories in the density plot above
each column is the same with the heat map legends.
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We reason that if the RE-G links or our silencer-G links were correctly predicted, then the
expression levels of the target genes should be lower in some cell/tissue types where the REs or
silencers are active than in other some cell/tissue types where the REs or silencers are inactive. To
ensure statistical power in evaluating the RE-G links, we only consider REs that are active and
inactive in at least 5 cell/tissue types. Our reasoning holds for all our silencer-G links (Figure 4-
7D). In contrast, it holds for 59.7% of the SRo RE-Gm links (Figure 4-10E), while the remaining
40.3% might not be correct links. The discrepancy between SRo RE-Gm links and SRo silencer-
Gm links arises due to our requirement of a single-bp overlap between REs and silencers,
potentially leading to differing predictions of their functional states. Moreover, all the SRo RE-
Gnm, SRno-Co RE-G, and CRno RE-G links do not exhibit significant negative regulation at an
FDR of 0.1(Figure 4-10E). This suggests that none of these RE-G links are true regulations.
Notably, our SRo silencers demonstrate an average regulation to 3.2 target genes, while
overlapping REs are linked to just 1.1 genes on average. It is likely that PECA might overlook
certain regulations, as a single silencer, on average, tends to regulate multiple target genes(160).
Despite PECA predicting more regulations than our approach, an overwhelming majority (97.6%)
diverges from the expected behavior of silencers, and thus, might be false positives.

4.3 Discussion

In this chapter, we introduced a new method CAPP to predict the target genes of CRMs.
Leveraging on our previously predicted map of 1.2M CRMs in the human genome and functional
states (active and inactive) of the CRMs, CAPP identifies target genes of the predicted CRMs
within TADs by finding genes within the same TADs, whose expression levels are correlated with
the functional states of the CRMs across a panel of cell/tissue types, followed by checking whether

the CRMs and the genes are in close physical proximity as measured by Hi-C data in multiple
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cell/tissue types. There are a few merits of our method. Firstly, CAPP can potentially enable us to
predict the target genes of all CRMs in the genome when data are available from a sufficiently
large number of diverse cell/ tissue types. Even using data in only 107 cell/tissue types in this
study, we are able to predict target genes for around 20% of the 1.2M CRMs. Clearly, with the
required data in a larger number of diverse cell/tissue types becoming available, we will be able to
predict target genes for a higher proportion of the CRMs. Secondly, in addition to Hi-C data in a
few cell types, CAPP only needs CA and RNA-seq data in a panel of cell types for the prediction,
thus is highly cost-effective. Thirdly, in addition to target genes of CRMs, CAPP also is able to
predict the functional types of CRMs as enhancers and/or silencers, the first of its kind, to the best
of our knowledge. Fourthly, CAPP predicts the functional types of CRMs based on whether their
functional states exhibit positive or negative correlation with the expression level of their target
genes, respectively, in a panel of cell/tissue types, thus, overcoming a drawback of our previous
LR models using three epigenetic marks(149). Fifthly, CAPP evaluates every pair of CRM and
gene within the same TAD without a fixed distance constraint, allowing it to predict target genes
located more than SM bp away from the regulating CRM. This is the first of its kind, to our best
knowledge, as previous methods predict target genes of candidate enhancers or silencers only in a
fixed flanking genomic range. In fact, about 20% of our predicted enhancer-gene regulations have
a regulation distance longer than 5M bp, which could be missed by existing methods that use a
fixed distance constraint, typically 1~5M bp. Sixthly, although CAPP is aimed to predict cell type
agnostic SCRNs encoded in the genome, an aCRN in any cell/tissue type can be readily induced
from the sSCRNs by the active CRMs predicted using only CA data in the cell/tissue type. Finally,
CAPP predicts more CRM-gene links with higher accuracy than existing methods. The expression

levels of our predicted target genes are significantly positively and negatively correlated with the
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functional states of the predicted regulating enhancers and silencers, respectively. However, such
correlations do not hold for a considerable proportion of target genes of enhancers and silencers
predicted by the state-of-the-art methods, namely the ABC model and PECA, respectively.
However, in the absence of a large gold standard set for enhancer-gene and silencer-gene
regulations, it is still difficult to calculate the sensitivity and specificity of each method.

Based on our predicted enhancer-gene and silencer-gene regulations, we revealed distinct
properties of various CRM types. Firstly, dual functional CRMs tend to regulate the greatest
number of genes, followed by exclusive enhancers and exclusive silencers. Secondly, enhancers
display a higher degree of cooperation in gene regulation than silencers. Thirdly, dual functional
CRMs tend to regulate more distant genes than exclusive enhancers and exclusive silencers.
Finally, enhancers prefer to regulate narrowly expressed genes, whereas silencers tend to regulate
more broadly expressed genes.

4.4 Conclusion

In this study, we used a correlation and physical proximity method to predict both the functional
types and target genes of CRMs simultaneously. Through this approach, we have identified
millions of enhancer-gene regulations and tens of thousands of silencer-gene regulations. These
findings highlight the diverse characteristics of different types of CRMs, their target genes, and
their regulation links, providing insights into the distinct regulatory behaviors of exclusive
enhancers, exclusive silencers, and dual functional CRMs. Importantly, our method surpasses
traditional closest gene assignments and existing state-of-the-art methods, marking a notable
advancement in predicting target genes and CRM functional types.

4.5 Materials and Methods

4.5.1 The Datasets
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We obtained a comprehensive set of 1,225,115 predicted CRMs in the human genome from our
prior work(19). We downloaded Hi-C data of six cell lines from the ENCODE(74) or 4D
Nucleome(161) data portals (Supplementary Table S4-3). We downloaded DNase-seq, ATAC-seq
and TF ChIP-seq data of the 67 human cell/tissue types for training from Cistrome Datasets
Browser(110, 111) (Supplementary Table S4-4 and S4-5). We downloaded ATAC-seq data and
RNA-seq data of the 107 cell/tissue types for predicting from ENCODE data portal(74)
(Supplementary Table S4-6).

4.5.2 Generation of TADs

TADs were generated in each cell line at various resolutions (5K bp, 10K bp, 15K bp, 25K bp,
50K bp and 100K bp) using the Arrowhead algorithm of Juicer tools(76) version 2.17.00 with KR
normalization method. We subsequently merged overlapping TADs from different resolutions into
larger domains in each cell line using the bedtools2/2.29.0 merge command.

4.5.3 Identifications of CRMs within TADs

We identified the CRMs that overlap at least one bp with the merged TADs using the
bedtools2/2.29.0 intersect command and ended up with 1,178,225 CRMs for further analysis.
4.5.4 CA feature score

For a sequence g, we define its raw CA feature score as:

N

E’aw(Q) = Z TiS; “4-1

i=1
where N is the number of peaks of CA mapping to g at least 50% of either one, r; the ratio of
overlapping length between q and the i, peak of CA over the length of the i;; peak of CA, s; the
signal of the i;; peak of CA quantified by MACS2(128, 129). We then normalized the raw feature

score in each cell/tissue type by the min-max normalization, i.e.,
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F;"aw (q) —min (F;"aw (Q))
max(Fqy, (Q)) —min (Frq,(Q))

F(q) = (4-2)

where Q denotes all candidate sequences in the genome, min (F.q,,(Q)) and max (F.,,(Q)) the

minimum and maximum raw score of CA over Q in the cell/tissue type.

4.5.5 Quantification of gene expression levels

We computed log(TPM+1) for a gene as its expression level in a cell/tissue type. If multiple RNA-
seq datasets were available for a cell/tissue type, we first computed the average expression level
(mean(TPM)) of the gene across all the datasets and then computed the log(mean(TPM)+1).

4.5.6 Prediction of functional states of sequences

We employed a simple LR model using CA as the only feature to predict the functional state of
the 1.2M CRMs within the TADs in each of the 107 cell/tissue types. A CRM in a cell/tissue type
is considered active if its activation probability exceeds 0.5.

4.5.6.1 Construction of positive and negative sets: In each of the 67 cell/tissue types with the
required data available, we selected the CRMs as the positive set that overlap TF binding peaks.
At the same time, we randomly selected predicted non-CRM candidates with matched numbers of
the positive set as the negative set in the cell/tissue type. We pooled the positive and negative sets
in all the cell/tissue types to construct a comprehensive positive set and a negative set. The
resulting positive set contains 1,784,345 CRMs and the negative set contains the same numbers of
non-CRM candidates. Thus, the positive sets and negative sets are well-balanced.

4.5.6.2 Model training and evaluation: Ten-fold cross-validation was conducted to train and
assess model performance. The models were implemented using sci-kit learn v.0.24.2 and the code
is available at https://github.com/sisyyuan/Target-Gene-Prediction.

4.5.7 Prediction of target genes for CRMs


https://github.com/sisyyuan/Target-Gene-Prediction
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We predict target genes for the CRMs and at the same time identify their functional types as
enhancers and/or silencers by using a one-tailed Mann-Whitney U test, with Benjamini-Hochberg
(B-H) multiple hypothesis correction, followed by validation of physical proximity between the
CRMs and the target genes using Hi-C interaction data in any of the six cell/tissue types
(Supplementary Table S4-3). Assuming that the regulation of a gene by a CRM remains consistent
across various cell/tissue types, then when the CRM is activated in a cell/tissue type, the expression
level of the gene will elevate if the CRM functions as an enhancer, or will decrease if the CRM
functions as a silencer. We adopted a statistical approach to assess the significance of such
correlation.

4.5.7.1 Step 1: Test correlation between CRM activity and gene expression using Mann-
Whitney U Test
For each pair of a CRM c and a gene g in a TAD D, we perform two one-tailed Mann-Whitney U

Tests based on two datasets Expactive(g,c) and EXxPinactive(g, ), Where Expgctive 1S the
expression levels of g in a minimum of t cell/tissue types where c is active (group A), and
ExPinactive 18 the expression levels of g in a minimum of ¢ cell/tissue types where c is inactive
(group B). The first test is to evaluate whether ¢ function as an enhancer of g. Thus, the null
hypothesis H is: the median of group A is the same as or smaller than the median of group B, and
the alternative hypothesis H, is: the median of group A is greater than the median of group B. The
second test is to evaluate whether ¢ function as a silencer of g. Thus, the null hypothesis Hj is: the
median of group A is the same as or greater than that of group B, and the alternative hypothesis
H, is: the median of group A is smaller than the median of group B. The Mann-Whitney U Test
function “mannwhitneyu” from the scipy.stat library in python3 was used to conduct the tests.

Here, to ensure robust statistical analysis, we only consider the CRMs that are predicted to be
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active and inactive in at least t cell/tissue types. We applied the B-H procedure “fdr bh” from the
“statsmodels.stats.multitest” library in python3 to correct the p-values with an FDR of 0.1.

In this study, we performed the tests based on the predicted functional states of the CRMs
and experimentally measured expression levels of the genes in the 107 cell/tissue types, and we
set t=5 to ensure robust statistical analysis. In other words, we only considered the CRMs that
were active and inactive in a minimum of five cell/tissue types.

4.5.7.2 Step 2: Test for physical contact

As correlation does not guarantee causal regulation relationship, for each significant CRM-gene
correlation, we checked whether the CRM and the gene have physical contact. We define a CRM
and a gene to have physical contact, if both the CRM and target gene can be mapped to the
respective ends of at least one pair of Hi-C reads from any of the six cell/tissue types
(Supplementary Table S4-3), with at least one bp overlap. The Hi-C contact matrices were
generated using the Straw algorithm(162) from the hicstraw library in python3 with SCALE

normalization method at a resolution of 2000 bp.

4.5.8 Closest neighbor assignment to CRMs

For each CRM under consideration, we assign the gene whose TSS is linearly closest to either end
of the CRM as its CNA target gene. In cases where a CRM overlaps a gene’s TSS, we consider
the gene as the CRM’s target genes. Obviously, when TSSs of multiple genes are located within a
CRM, multiple target genes will be assigned to the CRM.

4.5.9 The 7 index

We used the T index(157, 163) to measure the cell/tissue specificity of a gene based on its

expression profiles across a panel of cell/tissue types, defined as:

I'V—11_ ' i
T(Q)Z%'e,i:%() (4-3)

1<jsN \YJ
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where e; denotes the expression level of gene g in cell type i , e’; the expression level of g

normalized by the maximum of the expression levels of g in N cell/tissue types.

4.5.10 Heat maps of epigenetic marks

Heat maps of epigenetic mark signals were generated using the “EnrichedHeatmap” package(130)
within R version 4.2.2. For a mark on each element in a set of sequences, we considered a 2K bp
extension on either side of the element, and computed the mean signal of the mark in a 100 bp
sliding window along the element (lower heat maps). For a mark in a set of sequences, we also
computed the mean of the mean signal of the mark in the 100-bp sliding windows across all the
sequences in the set (upper line annotations). The elements in each set of sequences were organized
based on their CA signal in descending order.

4.6 Availability of data and materials

The datasets and code supporting the conclusions of this chapter are available at
https://github.com/sisyyuan/Target-Gene-Prediction and are included within the chapter and its

supplementary tables at https://github.com/sisyyuan/CRM_Dissertation.
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Chapter 5
CONCLUSION AND FUTURE WORK

In this dissertation, we analyzed the organization and architecture of predicted CRMs in the human
and mouse genomes, and developed computational methods for predicting functional types, states,
and target genes of CRMs using few functional genomics data.

We revealed common rules for the organization and architecture of CRMs in the human
and mouse genomes. CRM abundance on a chromosome correlates with the size and gene
abundance on the chromosome. Like genes, CRMs also are highly unevenly distributed along
chromosomes, forming “islands” and “deserts”. CRMs can be classified into two categories CPC
and CPL depending on whether they overlap TSSs or not. CPC CRMs are generally longer than
CPL CRMs. Within CRMs, TFBSs have extensive overlaps, forming islands, suggesting potential
competitive or cooperative binding of different TFs. Finally, the spacers between TFBS islands
exhibit similar evolutionary constraints to TFBS islands, indicating their alternative functional
roles beyond direct TF binding in transcriptional regulation.

Our RL models are able to simultaneously predict the functional states and types of CRMs
in any cell/tissue types using only five epigenetic marks data. Applying the models to 56 human
cell/tissue types with the required data available, we revealed different types of CRMs:
predominant enhancers, predominant silencers and dual functional CRMs. Different types of
CRMs display distinct properties in lengths and TFBS densities, reflecting the complexity of their
functions. Moreover, we found that both dual functional CRMs and silencers might be more
prevalent than previously assumed.

Our target gene prediction method CAPP is able to not only predict target genes, but also
more accurately predict functional types of CRMs using only CA and RNA-seq data in a panel of

cell/tissue types plus Hi-C data in few cell lines. Applying CAPP to 107 human cell/tissue types,
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we predict target genes for 20% of the 1.2M CRMs, of which 4.5% function as both enhancers and
silencers (dual functional CRMs), 95.2% as exclusive enhancers and 0.3% as exclusive silencers.
The different types of these CRMs show distinct properties in the numbers and expression patterns
of their target genes as well as regulatory lengths. CAPP outperforms state-of-the-art methods, and
thus represents a significant advancement in predicting target genes and functional types of CRMs.

In the future, we will further our research by focusing on the following issues. Firstly, while
predicting functional types and states of CRMs, we utilized cell/tissue type data, which aggregated
signals from a population of not necessarily a homogeneous cell type, and thus lacked single-cell
resolution. Integrating single-cell multi-omics data in future analyses promises more precise CRM
functional predictions across diverse cellular contexts. Secondly, although we have identified
CRMs as enhancers and silencers, understanding how they cooperatively regulate their target
genes remains elusive. Thus, further studies are needed to unveil intricate gene regulatory networks.
Thirdly, as complex traits including diseases are mainly caused by variation in CRMs, integration
of GWAS data with CRMs and their functional states and target genes presents an opportunity to
identify causal non-coding variants of diseases. Revealing the chains of events linking causal non-
coding variants to diseases within CRM-gene regulatory networks would uncover key players that
could be therapeutically targeted, offering novel disease treatments. Lastly, establishing publicly
accessible databases housing CRM maps as well as their functional types, states, and target genes

would foster data sharing and collaboration within the research community.
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APPENDIX A: Link of supplementary materials
Supplementary materials are available at https://github.com/sisyyuan/CRM_Dissertation.
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APPENDIX B: Regulatory Networks of Prediction of Target Genes of Enhancers and
Silencers cross different chromosomes
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ChrY

Regulation Networks. The sub-static and sub-active cis-regulatory networks on each

chromosome. The sub-active cis-regulatory networks on each chromosome in the K562 cells are

embedded in the static cis-regulatory networks and can be induced by active exclusive enhancers,

active exclusive silencers and active dual CRMs in the cells. The circles represent CRMs,

including inactive CRMs (gray), active exclusive enhancers (green), active exclusive silencers (red)
and active dual CRMs (yellow) in the K562 cells. The purple squares represent genes, and their

size are proportional to the degrees, i.e., the number of their regulating CRMs. The edges represent

regulation relationships between CRMs (circles) and genes (squares). The edges linked to active

CRMs are colored by the same colors as the type of active CRMs.



