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Abstract

Breast cancer, known for its global impact and heterogeneity, involves both genetic
and epigenetic alterations that malignantly transform breast epithelial cells. Among
these changes, epigenetic modi�cations, particularly post-translational histone mod-
i�cations (PTMs), are now recognized as potential therapeutic targets. Despite this,
a full understanding of epigenetic regulation, speci�cally altered landscape of PTMs
during breast tumor development, is still evolving. This dissertation aims to elucidate
the global patterns of PTMs in the context of breast cancer development, employing
molecular datasets integrated with bioinformatic analyses to examine the epigenomic
landscape within the MCF10 breast tumor progression model. Graph analysis is
also applied to deconstruct histone modi�cation pro�les, providing insight into their
functions in breast tumor development.

The �rst section details the regulatory PTM enrichment pro�les in the MCF10
model, which simulates various stages of breast cancer development. Utilizing the
Peaksat package in R, high-quality ChIP-seq data is captured. An integrated anal-
ysis of this dataset delineates chromatin states of breast cells, shedding light on the
dynamic shifts in cis-regulatory elements during cancer genesis. This segment empha-
sizes the transformation of heterochromatin and enhancer domains that govern gene
expression and pathway modulation in breast cancer cells, with further analysis re-
vealing the regulatory networks and pinpointing key transcription factors as possible
targets for therapy.

Besides PTM landscape, the role of Bromodomain-containing (BRD) proteins,
known acetyllysine 'readers' and critical to transcriptional machinery, has not been
systematically studied in the context of breast cancer. The latter portion of this
dissertation provides an in-depth analysis of BRD proteins' roles in cancer progression
and treatment. A thorough examination of protein-protein interaction (PPI) pro�les
through graph analysis leads to predictions of functions for previously uncharacterized
proteins, underscoring the vital role of BRD proteins in chromatin regulation.

In essence, this dissertation advances our comprehension of the epigenomic regu-
lation of breast cancer and unveils new avenues for therapeutic interventions.
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Chapter 1

Comprehensive Literature Review

�Nobody ever �gures out what life is

all about, and it doesn't matter.

Explore the world. Nearly

everything is really interesting if

you go into it deeply enough.�

Richard P. Feynman

1.1 Epigenetic Mechanisms: Pivotal Play-

ers in Breast Cancer

Breast cancer constitutes a critical global health challenge and is one of the primary

causes of cancer-related morbidity and mortality among women. Recent statistics

from the American Cancer Society indicate that, in 2023, an estimated 297,790 new

cases of invasive breast cancer and 55,720 new cases of non-invasive breast cancer
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are expected to be diagnosed in women in the United States alone. With 1 in 8

U.S. women, or approximately 13% of the female population, facing a lifetime risk of

developing breast cancer, the disease's impact is far-reaching. It ranks as the second

leading cause of cancer death among U.S. women, surpassed only by lung cancer, and

carries a mortality risk of about 2.5%, or 1 in 39. The clinical approach to breast

cancer involves a detailed histopathological examination to stratify the disease based

on molecular markers, such as hormone receptors (estrogen receptor (ER) and pro-

gesterone receptor (PR)) and the human epidermal growth factor receptor 2 (HER2).

These biomarkers not only re�ne disease categorization but are also pivotal in inform-

ing targeted therapeutic strategies, addressing the heterogeneity that is characteristic

of breast cancer [4].

The intricate landscape of breast cancer is shaped by a tapestry of genetic and

epigenetic factors. In the genomic realm, pivotal studies employing the cutting-edge

next-generation sequencing (NGS) have unveiled inherited correlations with genes

like BRCA1/2, CDH1, BRIP1, and PTEN, highlighting their profound in�uence on

breast cancer susceptibility and progression [5, 6]. The BRCA1/2 genes, serving as

quintessential tumor suppressors, become harbingers of signi�cant risk when mutated,

disrupting the integrity of the cell cycle and consequently predisposing to breast

cancer [7, 8]. Beyond these, the oncogenic landscape includes critical genes such

as EGFR2/HER2 and HER1, which, when dysregulated, are implicated in a wide

spectrum of malignancies. The pathogenic overexpression of EGFR is a bellwether

for a myriad of adverse cellular behaviors, encompassing unchecked cell proliferation,

invasive capabilities, and angiogenesis, while simultaneously thwarting apoptotic pro-

cesses. These transformations are orchestrated through the perturbation of signaling
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pathways, notably those involving PI3K, Ras-Raf-MAPK, and JNK, which have be-

come targets of intense research and therapeutic intervention [7,9].

The burgeoning �eld of epigenetics has recently cast light on additional layers of

gene regulation, implicating them in the orchestration of breast cancer's phenotypic

plasticity and therapeutic resistance. Epigenetic modi�cations, which include DNA

methylation patterns, histone modi�cation, and non-coding RNA interactions, con-

stitute a regulatory network that can subvert normal cellular processes and establish

a pathological state. These changes are increasingly recognized as central to the ini-

tiation and progression of breast cancer, in�uencing the activation of oncogenes and

the silencing of tumor suppressor genes.

Furthermore, epigenetic alterations have been linked to the reprogramming of

gene expression patterns, the epithelial to mesenchymal transition (EMT) pivotal in

metastasis, and the modulation of the tumor microenvironment, which collectively

play crucial roles in the evolution of the tumor phenotype and its interaction with

therapeutic modalities [4]. The EMT is particularly crucial in breast cancer, where it

underpins the stages leading to invasion and metastasis processes responsible for the

majority of cancer deaths [10]. Understanding EMT's complex biology could pave

the way to novel therapies aimed at early stages of breast cancer and serve as a basis

for biomarkers to predict and track disease recurrence and treatment resistance [10].

In triple-negative breast cancer (TNBC), a subtype of breast cancer, the EMT

is connected to the dysregulation of speci�c molecules like SPCA2, a calcium pump

enzyme, which is found at lower than normal levels and is linked to the EMT activa-

tion. Treatments targeting enzymes that alter the structure of chromatin, known as

histone deacetylase inhibitors (HDACi), have been shown to reverse EMT by restor-
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ing SPCA2 levels, suggesting that epigenetic mis-regulation of SPCA2 contributes to

breast cancer's aggressiveness and unfavorable outcomes [11].

Another key player in breast cancer metastasis is the CDH1 gene, which typi-

cally acts to suppress tumor growth by producing E-cadherin, a protein essential for

cell adhesion. In invasive breast cancer, abnormal addition of methyl groups to the

CDH1 gene (hypermethylation) leads to reduced E-cadherin production, which cor-

relates with increased invasiveness. Interestingly, nearly 41% of primary breast can-

cer cases exhibit CDH1 hypermethylation, which is associated with metastasis and

poorer patient prognosis [12]. Moreover, CDH1 hypermethylation has been linked to

the maintenance of cancer stem cell properties, which are crucial for tumor initiation

and recurrence. Agents like phenethyl isothiocyanate (PEITC) are being explored

for their capacity to reverse this methylation, potentially diminishing the stem-like

qualities of cancer cells and o�ering a promising therapeutic avenue [4,12].

1.2 Epigenetic Regulation and Chromatin

Dynamics: Critical Mechanisms in Cel-

lular Identity and Disease

Epigenetics was �rst introduced by C.H. Waddington as the study of how genes

and their products lead to phenotype development, a concept now enriched by our

understanding of chromatin's role in gene regulation [13, 14]. Epigenetics is de�ned

as the patterns of modi�cations to chromatin which are potentially heritable and

change the gene expression without changing the DNA sequence [15]. Chromatin is
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a macromolecule composed of DNA wrapped around histone proteins. Chromatin

packaging provides a framework for transcriptional regulation since modi�cations to

DNA and histone lead to 1) conformational changes in chromatin, 2) alterations

in the recruitment of transcriptional factors, and ultimately 3) modulation of gene

expression [16]. This regulatory layer is crucial for development, cell di�erentiation,

and maintaining cellular identity.

The genetic code acts as a blueprint for cellular function, but the epigenetic land-

scape, established during cell di�erentiation and maintained through cell division,

ensures that cells can express distinct identities despite sharing identical DNA. This

is fundamental for the proper expression of genes in a tissue-speci�c manner, sup-

porting normal development [14].

Epigenetic changes encompass DNA methylation, histone modi�cation, and the

involvement of non-coding RNA. Today, epigenetic regulation represents a complex

and dynamic mechanism essential for genomic packaging and function, playing a

pivotal role in both health and disease, including cancer [17]. Aberrant epigenetic

regulation is strongly associated with the development of breast cancer [4].

The investigation of speci�c epigenetic modi�cations associated with breast cancer

not only sheds light on the molecular intricacies of the disease but also o�ers promising

avenues for the identi�cation of potential therapeutic targets.

Post-translational histone modi�cations stand out among various epigenetic reg-

ulatory mechanisms, having been recognized as key components in cellular processes

throughout tumorigenesis [18]. These modi�cations add a sophisticated layer of epi-

genetic control that is essential for the dynamic and context-speci�c regulation of

gene expression within cells.
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Chromatin is composed of repeating units called nucleosomes. Each nucleosome

contains approximately 146 base pairs of DNA coiled around an octamer formed by

four core histone proteins - H3, H4, H2A, and H2B [19]. These histone proteins, in

association with DNA, form nucleosomes and can acquire various post-translational

covalent modi�cations on their extended free amino acids [20].

These histone modi�cations are primarily found on the N-terminal tails of the his-

tone proteins and encompass a range of processes including acetylation, methylation,

phosphorylation, and ubiquitination. Functionally, these modi�cations can disrupt

chromatin contacts or in�uence the recruitment of non-histone proteins to chromatin.

Although they do not signi�cantly alter the structure of individual nucleosomes, they

can have a profound e�ect on the higher-order chromatin structure that comprises

multiple nucleosomes [21].

Histone proteins experience a variety of chemical modi�cations after translation.

The intricate patterns of these modi�cations constitute the epigenetic memory within

a cell, often referred to as the �histone code�. This code dictates the structure and

activity of di�erent chromatin regions [22]. Histone modi�cations can alter chromatin

accessibility or modulate the recruitment and activity of non-histone e�ector proteins

that interpret the modi�cation patterns. The intricacies of how this histone

code is inherited and its role in the initiation and progression of breast

tumors remain areas of active research and are yet to be fully elucidated.

In the following sections, I will mainly discuss the roles of active cis-regulatory

elements and heterochromatin playing during breast cancer development.
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1.3 The Impact of Active Cis-Regulatory

Elements on Transcriptional Con-

trol in breast Cancer

Transcriptome reprogramming stands as a pivotal aspect of cancer development,

wherein abnormal expression of oncogenes or tumor suppressors plays a pivotal role

in driving tumor initiation, progression, and metastasis. Alterations in cis-regulatory

elements (CREs) within noncoding genomic regions contribute signi�cantly to this

transcriptomic reprogramming across various diseases, including cancer [23]. These

CREs represent functional non-coding DNA segments housing binding sites for tran-

scription factors (TFs) and other regulatory molecules crucial for initiating and sus-

taining transcription. Among the well-understood CRE types are promoters and

enhancers, discernible by histone post-translational modi�cations (PTMs) such as

H3K4me3 for promoters and H3K27ac/H3K4me1 for enhancers.

Cis-regulatory elements (CREs) play indispensable roles in developmental pro-

cesses [24]. They exert precise control over cell type-speci�c gene expression patterns

and dynamics during both normal development and pathological conditions like can-

cer.

Promoters are indispensable for initiating transcription in eukaryotic organisms.

However, they typically produce only basal levels of mRNA independently. Despite

their crucial role, promoter sequences primarily interact with a core set of univer-

sally utilized and highly conserved transcriptional regulators, suggesting they are not

the primary drivers of cis-regulatory mechanisms [25]. Nevertheless, mutations in
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promoters frequently underlie various human diseases [26]. Active promoters are typ-

ically marked by speci�c histone post-translational modi�cations (PTMs), notably

H3K4me3 [27]. This modi�cation is associated with the initiation of transcription,

serving as a key marker for actively transcribed genes. Moreover, studies have shown

that a broad H3K4me3 domain is linked to increased transcription elongation and

enhancer activity, particularly at tumor suppressor genes [28]. This multifaceted

role of H3K4me3 highlights its importance in regulating gene expression dynamics,

particularly in cancer biology.

In contrast, enhancers exhibit greater variability compared with promoters be-

tween species and are often implicated as the primary drivers of cis-regulatory diver-

gence [29]. Their dynamic nature and capacity to modulate gene expression levels

across di�erent cellular contexts underscore their signi�cance in shaping developmen-

tal processes and disease states.

The histone marker H3K4me1 is predominantly located at enhancer regions, key

genomic sites essential for re�ning the regulation of gene activity [30]. H3K4me1 dec-

oration on enhancers signi�es a readiness for transcriptional engagement [31], playing

a pivotal role in a myriad of cellular functions, including organismal development,

cellular di�erentiation, and adaptive responses to environmental stimuli [30]. This

marker works in concert with a suite of other histone modi�cations and the recruit-

ment of speci�c transcription factors, which collectively work to alter the structure

of chromatin, thereby improving access for RNA polymerase II and enhancing gene

transcription [30].

Evidence suggests that the presence of acetylation at the 27th lysine of histone

H3 (H3K27ac) is instrumental in the governance of cell identity [32]. Moreover, our
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research team has delineated the complex patterns of chromatin structural changes

over time and their relationship with resistance to hormone therapy. In our studies,

we observed that certain reorganized chromatin segments displayed increased binding

of estrogen receptors and a particular type of acetylation at H3K27 and H3K4, mod-

i�cations of histone 3 associated with both the response to estrogen and resistance

to hormone-based treatments [33]. Super-enhancers, which are expansive groupings

of enhancers, orchestrate potent expression patterns that are fundamental to estab-

lishing cellular identity [34]. Recent research into the super-enhancer framework in

triple-negative breast cancer has revealed a connection between these modi�ed cis-

regulatory regions and the irregular activation of oncogenes that contribute to the

development of tumors in the breast [35].

1.4 Heterochromatin

Maintaining speci�c patterns of gene expression is critical for preserving the unique

identity of cell lineages. The activity level of any given gene is in�uenced by the

composition and arrangement of its surrounding chromatin, which is a combination

of DNA and protein within the cell nucleus [36]. Heterochromatin, which remains

densely packed throughout the cell cycle, is crucial for the stable suppression of gene

expression across generations. This suppression is largely due to two main silenc-

ing mechanisms: heterochromatin formation itself and repression mediated by the

Polycomb group of proteins [36].

Heterochromatin exists in two main forms: constitutive and facultative. Consti-

tutive heterochromatin, usually bearing the H3K9me3 mark, is found at the genome's
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structural regions like centromeres and telomeres. It serves dual roles in maintaining

chromosome structure and silencing repetitive elements to ensure genomic stabil-

ity [36]. On the other hand, facultative heterochromatin, marked by H3K27me3,

forms within the more gene-rich euchromatin and targets speci�c genes for repres-

sion. A notable di�erence between these two types lies in their DNA accessibility;

H3K27me3-marked regions can still engage transcription factors and paused poly-

merase, whereas H3K9me3-marked regions are usually inaccessible [37�39].

Focusing on H3K9me3, a mark that signi�es the trimethylation of Histone H3 at

its ninth lysine residue, we �nd it's associated with the formation of heterochromatin

and the suppression of gene expression. Signi�cantly, this mark has been linked with

the spread of aggressive breast cancer [40]. H3K9me3 tends to accumulate over DNA

sequences that repeat and jump within the genome, especially in regions close to

centromeres [41]. H3K9me3's role in silencing genes that don't �t a cell's lineage

reinforces its importance in controlling the expression of lineage-speci�c genes, which

is essential for maintaining cell identity [42]. Moreover, H3K9me3 is recognized for its

broader in�uence across diverse cellular functions, including cell death, recycling of

cell components, growth, DNA repair, gene splicing, cellular renewal, transcriptional

elongation, aging, and the maintainance of cell identity [43]. H3K9me3's involvement

in cell migration [44] and its potential as a target for leukemia treatment [43] have

also been subjects of in-depth study.

Transitioning to H3K27me3, which denotes the trimethylation of Histone H3 at

lysine 27, it is predominantly found in chromatin that is repressed by the Polycomb

proteins [45]. This epigenetic marker is integral to silencing genes during develop-

ment and has a pivotal role in dictating cell fate and di�erentiation [36, 46]. Recent
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studies have implicated H3K27me3 in enhancing the migration of tumor cells and

promoting the formation of new blood vessels in tumors [47,48], and it has been as-

sociated with poorer outcomes across various cancers [47]. Additionally, H3K27me3

plays a central role in how cells respond to chemotherapy, particularly in the con-

text of triple-negative breast cancer [49]. Hosogane and colleagues have also pointed

out that H3K27me3 distribution changes in gene bodies and around the start sites

of transcription are correlated with the continuous activation of the RAS signaling

pathway [50].

1.5 Bromodomain-containing proteins read

lysine-acetyl code

Histone acetylation is typically associated with open chromatin and active gene tran-

scription, as it counteracts the positive charge on histones and fosters a more relaxed

chromatin con�guration conducive to transcriptional activity.

Drug discovery e�orts are increasingly targeting proteins that interact with or

"read" acetylation marks due to their distinct structural domains, and the growing

feasibility of designing or �nding molecules that can modulate this reading process.

Bromodomain (BRD)-containing proteins, the readers of acetylated lysine residues

on histones, are evolutionarily conserved with specialized BRD structures that rec-

ognize and bind to acetyl-lysine. The human genome encodes 61 BRDs across 46

di�erent proteins [51]. Fujisawa et al. [51] detail how these BRD-containing proteins

predominantly recognize acetylated histones and in�uence gene expression through

various mechanisms. They can function as sca�olds for assembling larger protein
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complexes [51], act as transcription factors and co-regulators, and perform a range of

catalytic activities, including chromatin remodeling, double-strand DNA breakage,

and enzymatic acetylation. These mechanisms enable BRD-containing proteins to

regulate critical processes such as cell growth, di�erentiation, and in�ammation [51].

Notably, BRD-containing proteins often become dysregulated in cancer [52].

Considering the reversible nature of histone modi�cations, disrupting the function

of BRD-containing proteins is a promising therapeutic strategy to destroy cancer cells

and restore normal gene expression [53]. BRD and extra-terminal (BET) inhibitors

have been shown to suppress the growth of breast cancer cells by controlling the

expression of various transcription factors that govern cancer cell proliferation and

drug response [54].

Additionally, super enhancers, which are densely occupied by high levels of BRD-

containing proteins like BRD4 and other master transcription factors, play a signif-

icant role in elevating the expression of essential genes, including those that de�ne

cell identity [34] and oncogenes that are key in cancer [55].

In this way, pro�ling the epigenomic landscape in terms of PTM in

breast cancer progression will help us to understand the epigenetic mech-

anisms underlying breast tumor development. And insights on the roles

of BRD proteins in cancers will pave new avenues for breast cancer treat-

ment. Nextly, I will focus on the bioinformatics approaches as well as

graph analysis methods applied to achieve these goals.
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1.6 Bioinformatics approaches applied to

perform integrative chromatin states

profiling using ChromHMM and SCIDDO

The mapping of epigenomic marks, such as histone modi�cations and the presence of

DNA-binding transcription proteins, has signi�cantly advanced the annotation of the

non-coding genome. While individual epigenetic marks can be analyzed in isolation,

examining their binding pro�les or signal enrichment, signi�cant additional insights

are obtained by studying the spatial context of multiple marks [56]. These combina-

tions form 'chromatin states' that encapsulate well-established genomic elements and

have the potential to reveal novel subclasses of regulatory regions [56].

ChromHMM emerges as a robust method to study these chromatin states. Lever-

aging a multivariate hidden Markov model, ChromHMM analyzes the combination

of chromatin marks by treating them as independent Bernoulli processes. It accepts

aligned sequencing read lists for each mark, then it translates into binary presence

or absence calls across the genome, set against a Poisson background distribution.

This can be �ne tuned with control datasets or independent peak caller data. Typi-

cally analyzing 200 base-pair intervals, mirroring the size of a nucleosome plus spacer

region, ChromHMM can adjust to di�erent interval sizes as required [56,57].

The output of ChromHMM includes the model parameters of the chromatin states

and their genomic assignments. These are presented in both textual and visual for-

mats, facilitating the grouping of chromatin states by emission parameters or genomic

proximity. Customizable ordering and the production of genome browser tracks al-
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low for tailored visualization and analysis. Signi�cantly, ChromHMM can predict the

likely biological functions of each chromatin state, supported by enrichment analy-

ses with various external annotations and experimental data. Generated data are

conveniently compiled on a website, providing an accessible summary of results [57].

This technique is pivotal for identifying potential regulatory elements, including

promoters, enhancers, and heterochromatic regions. Its further aids in tracking the

dynamic activity of these elements across di�erent cell types and within the framework

of various human diseases, o�ering insights into their functional roles [58�61].

The methods described in this dissertation also involves use of SCIDDO (Score-

based Identi�cation of Di�erential Chromatin Domains) based on the results from

ChromHMM, which is a tool for the di�erential analysis of chromatin state segmen-

tation maps [62]. SCIDDO identi�es large, heterogeneous regions of di�erential chro-

matin marking, termed Di�erential Chromatin Domains (DCDs), by using a statisti-

cal approach adapted from sequence analysis [62]. The method involves preprocessing

data, deriving pairwise chromatin state similarity scores using a Jensen-Shannon di-

vergence approach, and comparing chromatin state maps from di�erent sample groups

to identify high-scoring candidate regions indicative of di�erential chromatin mark-

ing. These candidate regions are statistically evaluated using parameters estimated

by SCIDDO, and the method utility is demonstrated through comparative analysis

and correlation with gene expression changes [62].
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1.7 Graph Analysis Application

Across various disciplines, networks or graph-theoretical frameworks are widely used

to model the complex relationships between di�erent entities or objects. These net-

works are invaluable for capturing and comprehensively understanding the multi-

faceted components and their interactions within a system, often visualized as graphs

comprising numerous nodes interconnected by edges. Networks are one of the most

common ways to represent biological systems as complex sets of binary interactions or

relations between di�erent bioentities. This is because these complex systems are best

understood holistically, rather than through isolated examination of their individual

components.

In the biomedical sphere, biological networks typically encompass molecules such

as DNA, RNA, proteins, and metabolites. The use of graphical representations is key

to depicting the intricate web of interactions and relationships among these molecules.

Gaining a thorough understanding of the various network types is essential to e�ec-

tively communicate and visualize these complex interactions. Network analysis in

biology and medicine is multifaceted, with applications ranging from identifying drug

targets and deciphering gene or protein functions, to formulating treatment strategies

and facilitating the early diagnosis of diseases.

Signi�cant network types within systems biology share overlapping features and

characteristics. For instance, protein-protein interaction (PPI) networks, transcrip-

tional/gene regulatory networks, signal transduction networks, biochemical networks,

and metabolic networks are all integral components of the �eld. This discussion

will speci�cally explore gene regulatory networks and protein-protein interaction net-
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works, examining their relevance and utility in advancing cancer biology research.

In this section, we delve into gene regulatory networks and protein-protein inter-

action networks, scrutinizing their importance and practicality in the advancement of

biology research. Additionally, we discuss several network properties and shed light on

commonly employed topological features within these networks. We touch upon the

patterns and pivotal topological characteristics that are essential for understanding

the interactions among various biological entities.

1.7.1 General Graph Properties

Graph theory encompasses various categories, with the most commonly utilized be-

ing undirected, directed, and weighted graphs. Their characteristics are outlined as

follows (reviewed in [63]).

An undirected graph features a single connection between verticesi and j , ex-

pressed asE = f (i; j )ji; j 2 Vg. In this scenario, verticesi and j are referred to as

direct neighbors. Examples include gene co-expression networks and protein-protein

interaction networks, both of which are discussed in this thesis [63].

A directed graph is characterized by edges that represent directional or regulatory

relationships, from vertex i to vertex j or vice versa. This type of graph is formally

described as an ordered tripleG = ( V; E; f ), where f is a function assigning each

element in set E to a corresponding ordered pair of vertices in V. Directed graphs are

particularly relevant to pathways and regulatory networks [63]. In biology, numerous

directed relationships are often depicted using various types of arrows to suggest a

semantic meaning, such as "inhibits," "enhances," or "regulates." The conventions for

arrow usage are speci�ed within the Systems Biology Graphical Notation (SBGN)
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visual language [63,64].

A weighted graph is one where the edges E between vertices i and j (E =

f (i; j )ji; j 2 Vg) carry an associated weight, de�ned by a functionw : E ! R, with

R representing the set of all real numbers. The weight, wij, typically signi�es the

signi�cance of the connection, which could indicate sequence similarity or interaction

probability [63].

A graph is termed connected if a path exists between any two points within the

graph. In the case of a complete graph, every pair of distinct vertices is linked by a

unique edge [63].

1.7.2 Characteristic Topological Features

Within graph theory, the degreedegi of a vertex is de�ned as the total number of

edges adjacent to it. For directed graphs, we di�erentiate between "indegree" (degin
i )

and "outdegree" (degout
i ). The indegree counts incoming edges to a vertex, while the

outdegree counts edges emanating from the vertex. For instance, in a social network,

the indegree would represent the number of followers a person has, and the outdegree

would represent the number of people they follow. The total degree in a directed

graph is the sum of the indegree and outdegree (degi = degin
i + degout

i ), representing

all connections (both followers and those being followed). The distribution of degrees

across a network is a critical topological feature and varies between di�erent types of

networks. Networks with a degree distribution that follows a power law are termed

scale-free networks, a category that many biological networks fall into [63].

Density in graph theory is the ratio of the actual number of edges to the maximum

number of possible edges within a graph. For a fully connected graph, such as a
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protein complex, the maximum number of edges isEmax = V (V � 1)
2 . Density is thus

calculated asdensity = E
Emax

= 2E
V (V � 1) . A graph is deemed dense ifE � V k , with

2 > k > 1, and sparse ifE � V or E � V k , with k � 1 [63].

The clustering coe�cient is a metric indicating the propensity of nodes in a net-

work to cluster or form tightly-knit communities. For a given node, this coe�cient

is the ratio of existing edges between its neighbors to all possible connections among

them. It is expressed asCi = 2e
k(k� 1) , wherek is the degree of the node ande is the

number of edges between itsk neighbors. The average clustering coe�cient for a

network is Cavg =
P

Ci

V . This coe�cient ranges from 0 to 1, where values closer to 1

indicate a higher likelihood of cluster formation [63].

The distancedist ij between two nodes, such as metabolites in a metabolic network,

is de�ned by the shortest path connecting them. The shortest path is the minimum

number of edges required to travel from nodei to node j . If multiple shortest paths

of equal length exist, any can be considered. If no path exists between two nodes,

their distance is considered in�nite [63].

In network analysis, questions often arise regarding the signi�cance of nodes within

the network, such as identifying key hubs, bridges between communities, or nodes

critical to network robustness. To address these inquiries, various centrality measures

are employed. Degree centrality, for example, identi�es nodes with high levels of

connections, indicative of central transcription factors in a network with a star-like

topology. Degree centrality for a nodei is calculated asCi = deg(i ), wheredeg(i ) is

the degree of the node. Closeness centrality helps identify nodes that can e�ciently

communicate with the rest of the network. For graphG = ( V; E), it is de�ned as

Cclo = 1P
dist ij

or in its normalized form asCclo = N � 1P
dist ij

. This measure is often used
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to identify key metabolites in biochemical networks. Betweenness centrality highlights

nodes acting as bridges, facilitating communication between di�erent communities.

Eccentricity centrality gauges how accessible a vertex is from all other vertices in the

network; it is the maximum distance from vertexi to any other vertex j in graph

G. For disconnected graphs, vertices are considered to have in�nite eccentricity.

Eccentricity centrality is computed asCecc = 1
max (dist ij

. This measure has been utilized

to identify essential proteins in PPI networks [63].

1.7.3 GRN

Gene regulatory networks (GRNs) encompass information pertaining to the control

of gene expression within cells, a process in�uenced by various factors such as tran-

scription factors [65] and their post-translational modi�cations or associations with

other biomolecules [66]. Typically, these networks aim to model the involvement of

proteins and other biological molecules in gene expression, replicating events across

di�erent stages of the process. Gene regulatory networks are typically directed, dy-

namic, and visualized as bipartite graphs. In these networks, most nodes have a

limited number of interactions, with only a few hubs exhibiting higher connectivity

degrees. The connectivity distribution in such networks follows a power law degree

distribution (scale-free) [67].

Advancements in data collection, integration, and analysis techniques enable the

study of gene regulatory networks on a larger scale [68]. Databases like JASPAR [69]

and TRANSFAC [70] compile protein-DNA interaction data, while information on

post-translational modi�cations is available in databases such as Phospho.ELM [71]

and PHOSIDA [72]. These databases serve as collections of regulatory relationships
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involving transcription factors (TFs), TF-binding sites, or genes and their regulators.

1.7.4 PPI

While the complete sequences of the majority of proteins are known, determining

their molecular functions remains a signi�cant challenge in computational biology.

Predicting protein function represents a bottleneck in research, and numerous exper-

imental and computational techniques have been developed to infer function based

on interactions with other biomolecules.

Protein-protein interaction networks (PPI) play a crucial role in understanding

how proteins collaborate to facilitate biological processes within cells. Interactions in a

PPI network can be either physically veri�ed or predicted, with the entire interactome

capturing all protein-protein interactions in a cell or organism.

Various large-scale and high-throughput techniques are employed to detect inter-

acting proteins. Both in vivo and in vitro methods, such as X-ray crystallography,

NMR, tandem a�nity puri�cation (TAP), a�nity chromatography, coimmunoprecip-

itation, protein arrays, protein fragment complementation, phage display, and yeast

two-hybrid (Y2H), are utilized for detecting PPIs [73].

Key repositories hosting PPI information for di�erent organisms include BioGRID

[74], MINT [75], BIND [76], DIP [77], IntAct [78], STRING [79], and HPRD [80]. In

terms of topology, PPI networks exhibit a small-world property and adhere to a scale-

free structure. Central hubs often represent evolutionarily conserved proteins, while

cliques (fully connected subgraphs) are noted for their high functional signi�cance [81].
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1.8 Scope of Dissertation

The following dissertation sections are structured into two thematic parts:

Part I is dedicated to the utilization of integrative epigenomic and transcriptomic

analyses, facilitated by Peaksat, to delineate the epigenomic landscape within the

MCF10A human breast cancer progression model. This comprehensive approach

aims to unravel the complex molecular alterations that occur during the transition

from normal breast epithelium to malignancy.

1. In Chapter 2, we introduced an R package named Peaksat designed to estimate

the additional sequencing depth required to generate high-quality ChIP-seq data

suitable for downstream analysis. Utilizing Peaksat, we pro�led previously un-

characterized patterns of histone H4 lysine acetylation enrichment within a

breast cancer model, contributing to the study of malignant tumor develop-

ment. Peaksat ultimately serves as a pivotal tool for researchers, aiding them

in determining whether their sequencing data have achieved su�cient depth for

sequence-enrichment methodologies.

2. In Chapter 3, with the assitance of peaksat in chapter 2, we obtained high-

quality ChIP-Seq dataset to perform downsteam analysis. I conducted an in-

depth analysis of regulatory post-translational modi�cation (PTM) enrichment

pro�les within the human MCF10A progression model, which encapsulates var-

ious stages of cancer development. The study underscores the dynamic alter-

ations in heterochromatin and enhancer regions that are instrumental in dic-

tating gene expression and in�uencing cellular pathways in breast cancer cells.
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Subsequent gene regulatory network analysis shed light on the intricate regula-

tory mechanisms at play and pinpointed crucial transcription factors, o�ering

promising targets for therapeutic intervention.

Part II focuses on the function of Bromodomain (BRD)-containing proteins,

which are pivotal in recognizing acetylated lysine residues on histones, within the

realm of diseases, particularly cancer. Aiming for a systematic understanding of the

essential roles of BRD proteins, we conducted a thorough review of the literature

centered on these proteins. Additionally, we employed graph analysis to dissect the

protein-protein interaction network (PPIN) of BRD proteins, o�ering insights into

their interactive dynamics and potential as therapeutic targets.In Chapter 4,

1. In Chapter 4, we presentedd a detailed and comprehensive review of the involve-

ment of bromodomain-containing proteins in cancer development. Recognized

for their ability to read acetylated lysine on histones, BRD proteins generally

activate gene expression, contributing to the advancement of cancer. We scru-

tinized alterations in gene expression associated with bromodomain proteins

across di�erent types of cancer. It also provides an overview of the protein-

protein interaction network for human bromodomain proteins, delineates their

cellular roles across nine functional categories, and pinpoints speci�c bromod-

omain mechanisms implicated in cancer progression.

2. In Chapter 5, I harnessed existing data to develop protein-protein interaction

networks (PPINs) for investigating the characteristics of the human bromod-

omain (BRD) protein family. Analysis of the network properties of the BRD

PPIN revealed that BRD proteins act as central hub proteins, strategically po-

sitioned near the core of the network to facilitate an interconnected PPIN. Our
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identi�cation of dense subgraphs among BRD proteins suggests that they not

only share topological similarities but also functional connections. Through

clustering techniques and Hallmark pathway gene set enrichment analysis, we

uncovered the potential biological roles of distinct BRD proteins.

Finally, we conclude and discuss future research directions and list two citations that

I participated but not listed in the dissertation
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Chapter 2

Peaksat: An R package for ChIP-

seq peak saturation analysis

2.1 Abstract

2.1.1 Background

Epigenomic pro�ling assays such as ChIP-seq have been widely used to map the

genome-wide enrichment pro�les of chromatin-associated proteins and posttransla-

tional histone modi�cations. Sequencing depth is a key parameter in experimental

design and quality control. However, due to variable sequencing depth requirements

across experimental conditions, it can be challenging to determine optimal sequencing

depth, particularly for projects involving multiple targets or cell types.
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2.1.2 Results

We developed the peaksat R package to provide target read depth estimates for

epigenomic experiments based on the analysis of peak saturation curves. We applied

peaksat to establish the distinctive read depth requirements for ChIP-seq studies of

histone modi�cations in di�erent cell lines. Using peaksat, we were able to esti-

mate the target read depth required per library to obtain high-quality peak calls for

downstream analysis. In addition, peaksat was applied to other sequence-enrichment

methods including CUT&RUN and ATAC-seq.

2.1.3 Conclusion

peaksat addresses a need for researchers to make informed decisions about whether

their sequencing data has been generated to an adequate depth and subsequently

su�cient meaningful peaks, and failing that, how many more reads would be required

per library. peaksat is applicable to other sequence-based methods that include calling

peaks in their analysis.

2.1.4 Supplementary Information

The online version contains supplementary material available at10.1186/s12864-023-09109-7 .

2.2 Keywords

Peak saturation, Read depth estimate, ChIP-Seq
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2.3 Introduction

Recent advances in epigenetic pro�ling technologies have revolutionized our under-

standing of the regulatory architecture of the genome. Global enrichment pro�ling

techniques such as chromatin immunoprecipitation combined with high-throughput

sequencing (ChIP-seq) and its derivates are widely used techniques for mapping the

genome-wide binding sites of chromatin-associated proteins, including transcription

factors (TFs), and histone posttranslational modi�cations (PTMs) [82�84]. Together

with other comprehensive functional data such as transcriptomic (RNA-seq), chro-

matin accessibility (ATAC-seq) and higher-order chromatin interaction data (i.e. Hi-C

or ChIA-PET), provide the information necessary for constructing cell type-speci�c

reference epigenomes, and provide valuable information that supports emerging anal-

yses of genome structure and function (refs reviewed in [60,85�88]).

A critical quality control consideration, both in the design and data quality as-

sessment for ChIP-seq experiments, is to understand the sequencing depth required

to obtain a high-quality dataset. Adequate sequencing depth depends on the target

factors, size of the genome, as well as the number and size of the binding sites of

the protein [89]. Useful guidelines have been provided by the modENCODE and EN-

CODE consortia about the required read depth to obtain adequate high-quality data

for downstream analysis [90�92]. Despite the recommendations, sequencing libraries

can be of low-quality due to technical problems, displaying weak or no enrichment

compared to input or negative control. In that case, increased sequencing will not

add to the quality of the dataset and it will be necessary to repeat the experiment.

Therefore, the development of e�ective, easy-to-use tools for informing decisions on
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whether further sequencing with increased read depth would improve data quality

would be broadly bene�cial to the �eld.

Here, we introduce peaksat, a new tool developed to evaluate read requirements

and peak saturation in ChIP-seq experiments. peaksat can be applied more generally

for estimating target read depths for other sequence-enrichment studies, including

CUT&RUN and ATAC-seq. peaksat is an open-source R package with minimal de-

pendencies. Here, the usability of peaksat is demonstrated with a case study that

investigates the distinctive read depth requirements for ChIP-seq analysis of two

closely related histone H4 acetylation PTMs across di�erent human breast cancer cell

lines.

2.4 Materials & methods

2.4.1 Cell culture and ChIP-seq

Cell lines were cultured as described previously in [93]. The human breast cancer cell

line MCF10A [94] was purchased from the ATCC, and the cell lines MCF10AT1 [95],

MCF10CA1a [96] and MCF10DCIS [97] are a gift from Je� Nickerson's lab. ChIP-seq

assays for histone H4 H4K5ac and H4K8ac were performed as described by O'Green

et al. [98]. Biological replicates for ChIP-seq experiments were generated for each cell

line from di�erent culture passages. Input libraries were used as the ChIP controls.

Each library was sequenced across two separate lanes of 75bp single end Illumina

sequencing. Since histone H4 acetylation modi�cations are not well characterized in

these cell lines, we performed the initial sequencing with an arbitrary depth of 10-
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15M reads. We then further sequenced these samples with re-pooled libraries to reach

the read depth estimated by peaksat required to reach peak saturation. Raw reads

were aligned to the human genome (hg38) using STAR aligner (version 2.7.7a) using

the parameter �alignIntronMax 1 to disable spliced alignments [99]. Data quality was

assessed using the seqsetvis [100] and ssvQC R package (version 1.0.6) [101] using 1000

peaks randomly selected from the merger of all peak calls per histone modi�cation in

terms of replicate overlap and FRIP (fraction of reads in peaks, [90]).

2.4.2 Peak saturation pipeline and quality con-

trol analysis

We developed the peaksat R package to estimate target read depth required for

epigenomic pro�les generated by ChIP-seq and other sequence-based enrichment as-

says. The required input �les are bam �les generated by any aligner used to analyze

ChIP-seq data. If the number of total expected peaks is not known, i.e., for an

uncharacterized factor, then the creation of a meta-pool that includes all libraries

available for this factor is recommended. The purpose of the meta-pool is to include

enough reads in a single sample so that saturation will be reached with at least the

meta-pool, if that is possible with the data provided. The peaksat pipeline is capa-

ble of organizing data by ChIP-seq target factor and then creating pooled bam �les

for any biological replicates. Once the aligned bam �les have been assembled, then

the primary processing step of peaksat can be applied to unpooled replicates, pooled

replicates, and meta-pools.

Then peaksat (version 1.0.0; R version 4.1.2; Bioconductor release version 3.14)
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is used to coordinate down sampling (samtools view -s, version 1.3.1) and subsequent

peak calling. Narrow peaks were called against input using MACS2 callpeak (version

2.1.1.20160309) [99], with the default q-value threshold of 0.01 by MACS2. We used

FE (fold-enrichment) cuto� of 1 in the initial sequencing to estimate the additional

read depth required, and then we used FE cuto� of 5 in the combined sequencing to

explore the peak saturation pro�le. The main analytical steps of the peaksat work�ow

are summarized in Fig. 1 (2.1).

For each ChIP-seq pooled or unpooled library, peaksat performs iterative down

sampling of reads and subsequent peak calling to establish a curve of peak number vs

read count (Fig. 1B (2.1)). If the sequencing depth has reached a saturation point,

the plateau shown in Fig. 1B (2.1), it is no longer cost-e�ective to sequence deeper

in order to gain more meaningful peaks. If this curve represents a meta-pool, we can

use the number of peaks at saturation as a target number of peaks when evaluating

the un-characterized histone modi�cation target.

Between an initial lag phase and saturation, observed peak saturation curves nor-

mally show a linear relationship between peak count and read depth (Fig. 1B&C

(2.1)). Therefore, in this part, peaksat �ts a linear regression model and extrapolates

to the target number of peaks (either derived from the meta-pool or manually spec-

i�ed) to estimate the number of new reads required for the speci�c target to reach

saturation (Fig. 1C (2.1)). The libraries composing the meta-pool are expected to

saturate at the same number of target peaks (saturation point of meta-pool), but

some libraries exhibit a shallower slope and therefore require deeper sequencing to

reach the same point. The read count where the extrapolated trends intersect with

the target number of saturated peaks is the target read count to reach saturation.

29



2.4.3 Software implementation

peaksat is an R package for the evaluation of ChIP-seq and other sequence-enrichment

assays (see code availability section for full details). The package provides functions

to support two primary tasks: 1) iteratively subsampling aligned bam �les and calling

MACS2 callpeak, and 2) analyzing and visualizing the resulting peak count according

to the down- sampled read depth. Task 1 is highly computationally intensive and so

peaksat leverages the distributed computing capabilities provided by either the SGE

or SLURM job schedulers. If those are unavailable, peaksat will utilize the parallel

R package to speed up processing locally. Processing outputs are organized into a

directory structure; previously completed sub-tasks will not be rerun by default so

partial processing runs can be readily resumed. Task 2 provides regression functions

to predict peak saturation points as more reads are added and various visualizations

to aid in analysis.

2.4.4 CUT&RUN and ATAC-seq data

CUT&RUN data were downloaded for GSE172130 [101]. Reads were aligned to the

mm10 reference genome using bowtie2 (version 2.2.9) following the CUT&RUNTools

processing pipeline [102]. Peaks were called using MACS2 as part of peaksat using

pooled IgG samples as input and with �format BAMPE [99].

ATAC-seq data were downloaded for GSE161501 [103]. Reads were aligned to the

hg38 reference genome using bowtie2 (version 2.2.9) as part of pipeline for ATAC-

seq analysis [104, 105]. Otherwise, processing steps was the same as described for

ChIP-seq with the exception that no input sample was used for calling peaks.
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2.5 Results and discussion

2.5.1 Peaksat pipeline facilitated to profile Hi-

stone4 acetylation pattern in breast can-

cer progression model.

We applied peaksat to study the histone H4 Lys5 and Lys8 acetylation (H4K5ac and

H4K8ac) ChIP-seq patterns in the MCF10A human breast cancer progression model

consisting of four distinct cell lines: the normal-like epithelial MCF10A cells [94],

premalignant MCF10AT1 cells [95] that express constitutively activated HRAS [95],

and the subsequent xenograft derivatives, MCF10DCIS (ductal carcinoma in situ)

cells [97] and MCF10CA1a metastatic cells [96]. We generated replicate ChIP-seq

datasets for H4K5ac and H4K8ac in each cell lines conducted a pilot round sequencing

at a relatively shallow sequencing depth and obtained an average of 11 million reads

with no more than 5k peaks per individual dataset (Fig. S1A&B (2.5), Fig. S2A&B

(2.6)). The FRIP (Fraction of Reads in Peak) values indicated these libraries have low

background signal (Fig. S1C (2.5) and S2C), and replicate analysis showed overall

concordance for replicates for each target in di�erent cells (Fig. S1D-E (2.5) and

S2D-E). Initial quality control analysis showed this was insu�cient depth for a robust

peak call but indicated that the ChIP-seq libraries had been successful for both marks

(Supplemental Fig. S1 (2.5) and S2 (2.6)). In addition, we found each H4Kac mark

shared highly similar patterns of peak enrichment across di�erent cell lines, despite

low frequency of peak overlaps between biological replicates (S1D-G and S2D-G).
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To determine how much more sequencing was required to have enough read depth

to support a rigorous analysis, we combined all replicates per histone modi�cation

into meta-pools aiming to approximate the saturated peak count for each target. The

results estimated 51.5 million reads for H4K5ac and 49.7 million reads for H4K8ac

were su�cient to reach saturation, hitting maximum peak counts of 28,400 and 29,200,

respectively (Fig. 2A (2.2)). These maximum number of peaks for each meta-pool

are representative of the peak saturation point beyond which additional sequencing is

not necessary. Consistent with the previous observations for other targets, we found

the majority of each peak saturation curve appeared to be linear where increases in

peak count were directly proportional to increases in read count. Additionally, we

investigated the suitability of a linear regression model to describe the linear portion

of the peak saturation curve. The resulting linear models �t the saturation pro�les

with an adjusted R2 value around 90% (Table S1). In contrast to the meta-pools,

none of the individual libraries appeared to approach peak saturation, with peak

counts ranging from 420 to 13,690 (Fig. 2B&C (2.2)).

To determine how many additional reads were needed to reach peak saturation,

we used the corresponding meta-pool saturation peak count and extrapolated a lin-

ear regression to obtain a read depth estimate per library (Fig. 2B&C (2.2)). Based

on these estimates, we performed a second round of sequencing aimed at obtaining

enough read depth for each sample. As expected, the combined datasets exhibited

marked improvement in the number of total peaks and an increased concordance of

peaks between replicates and across cell lines (Fig. S3 (2.7) and Fig. S4 (2.8)).

Interestingly, the peak saturation pro�les were inconsistent across cell lines for a sin-

gle mark, and this variability was more pronounced in the H4K5ac peak enrichment

32



pro�les (Fig. 2B (2.2)). The MCF10A H4K5ac replicates demonstrated su�cient

read depth and reached peak saturation earlier than that estimate of the meta-pool,

however, they did not show high enrichment compared to the meta-pool peak enrich-

ment pro�le. In contrast, the MCF10AT1 and MCF10CA1a replicates for H4K5ac

were expected to reach saturation around the meta-pool peak saturation point, but

neither replicate was saturated, suggesting a need for additional sequencing to im-

prove the dataset and increase the number of meaningful peaks. The MCF10DCIS

cell line also showed a sharp increase in H4K5ac peak number with additional read

depth. For H4K8ac, the saturation curves showed similar cell line speci�c patterns

as that of H4K5ac. The discrepancy in read requirements for the same targets across

di�erent cell lines suggest that peak saturation and read requirements could be due

to underlying heterogeneity across these cell lines.

2.5.2 Additional factors influencing peak satu-

ration

We used peaksat to investigate the in�uence of fold-enrichment and input control

read depth on peak saturation. Increasing the minimum fold-enrichment values for

peak analysis (see methods) showed an expected decrease in the saturation peak

number (Fig. 3A (2.3)). Notably, when the minimum FE threshold is set at a value

greater than 5, the peak enrichment never reaches saturation. MACS2 calls peaks

against input utilizing dynamic Poisson distribution to e�ectively capture the local

enriched peaks against those in input [99]. This peak calling algorithm and the read

depth of input control in ChIP-Seq (as suggested by ENCODE) are both impor-
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tant factors involved in peak saturation [90, 99]. Through comparison of the peak

saturation patterns under di�erent down-sampling of input reads, we investigated

whether increasing the number of control input reads enable saturation. For both

targets, H4K5ac and H4K8ac, peak numbers saturate at 50-60 million input reads

(Fig. 3B (2.3)). Given su�cient input reads, the incremental target read depth

drives peak enrichment to saturate and before plateauing (Fig. 3C (2.3)). Taken

together, both fold-enrichment threshold and su�cient read depth of input controls

will help in estimating saturated read depth for targets and achieving high quality

data for downstream analysis.

2.5.3 H4K5ac and H4K8ac share similar binding

profiles

Overall, H4K5ac and H4K8ac showed similar enrichment pro�les across the breast

cancer progression cell lines (Fig. 4A&B (2.4)). To compare binding patterns for these

targets, we performed pairwise di�erential enrichment analysis of each mark across cell

lines and identi�ed signi�cantly di�erentially enriched peaks that could be grouped

into two clusters based on enrichment signal. Cluster 1 were H4K5ac and H4K8ac

peaks more enriched in MCF10A cells, whereas Cluster 2 were peaks more enriched

in the tumorigenic derivative cell lines (MCF10AT1, MCF10DCIS and MCF10CA1a)

compared to MCF10A. For example, the enrichment of H4K5ac and H4K8ac near the

SYBU transcription start site (TSS) show a similar pattern of enrichment pro�les that

are stronger in normal MCF10A cell than the tumorigenic derivative cell lines (Fig.

4C (2.4)). Conversely, H4K5ac and H4K8ac was more strongly enriched near the
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HRAS TSS in tumorigenic cells MCF10AT1, MCF10DCIS, MCF10CA1a compared

to MCF10A cells. These results indicate overall similarity between H4K5ac and

H4K8ac pro�les that may change with increased proliferative capacity of the cells.

Thus, peaksat provided an appropriate sequencing depth estimate required to identify

di�erential histone H4 acetylation modi�cations across di�erent cell lines.

2.5.4 Peaksat pipeline is generally applicable

for peak enrichment analysis with other

assays

We further applied peaksat to evaluate the peak saturation curves of ChIP-seq data

for transcription factors (TFs), as well as CUT&RUN and ATAC-seq datasets in or-

der to evaluate its general applicability. We evaluated previously published ChIP-seq

data sets that compared CTCF pro�les in the MCF10A progression model [93]. These

results show the read depth required to reach peak saturation for individual replicates

across 3 di�erent cell lines (Fig. S5A (2.9)). We also evaluated peaksat for quality

control of di�erent cell preparation methods for CUT&RUN analysis of H3K4me3

and Ikaros, a zinc �nger transcription factor [91]. Regardless of sample preparation

(frozen or fresh), the PTM H3K4me3 required only 10M reads to reach saturation,

and a linear regression relationship exists between read depth and peak count before

saturation (Fig. S5B (2.9)). In contrast, the Ikaros TF saturation pro�les were vari-

able across the di�erent preparations. ATAC-seq peaks were evaluated from di�erent

datasets generated from di�erent leukemia subtypes [96] showing that 100M reads �t

well with linear model based (Fig. S5C (2.9)). These results together suggest that
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the peaksat linear regression model is useful to estimate the saturation and target

read depth estimates for other sequence- and peak-based assays.

2.5.5 Peaksat performance

peaksat is reasonably fast, particularly for datasets with a few samples or shallow

sequencing depth. peaksat has primarily been tested using SGE (Sun Grid Engine)

for job scheduling. It also has support for SLURM and even bash processing if neither

job scheduler is available. Typical runs for peaksat are approximately 1 hour.

2.6 Discussion

Read depth has a major impact on the downstream analysis on high-throughput

sequencing enrichment assays such as ChIP-seq [91]. In practice, it is important to

be able to predict the number of sequencing reads required to saturate the detection of

peaks. However, no R packages currently exist that �exibly evaluates peak saturation

and read depth. We therefore developed peaksat to provide a reliable estimate of

sequencing depth as an important quality control measure and tool for ChIP-seq

pipelines. By combining all data into a meta-pool and sampling stepwise fractions of

the reads, peaksat determines peak saturation and compares these predictions with

the set of total peaks identi�ed from the complete data. In practical terms, a lack

of saturation point is important for the study design and suggests that it would be

di�cult to de�ne an appropriate sequencing depth and that other criteria must be

speci�ed.

We applied peaksat to a ChIP-seq case study and investigated the impact of se-
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quencing depth in multiple H4K5ac and H4K8ac ChIP-seq experiments using MCF10A

progression model consisting of four di�erent cell lines. For each mark, all reads were

combined from both replicates to form a meta-pool of all reads to reach saturation.

We then compared datasets for individual histone marks with their read-subsampled

datasets. Importantly, our results showed that the relationship between saturated

peaks and the number of sequenced reads may be extrapolated to estimate the se-

quencing depth requirement for ChIP-seq experiments. Notably, this analysis revealed

that H4K5ac and H4K8ac modi�cations have di�erent read depth requirements across

di�erent cell lines. As illustrated in Fig. 2B (2.2), the linear models for both histone

PTMs in MCF10DCIS seem never to saturate, approaching 60k peaks, a preposterous

number considering the expected number of peaks based on the meta-pool satura-

tion peak count. While these additional peaks could re�ect genuine sites of H4K5/K8

acetylation, it is possible that these peaks instead re�ect histone H4 acetylation PTMs

present only in a small fraction of cells or sites which undergo particularly transient

and labile acetylation states. Consequently, determining whether these peaks should

be removed due to the uncertain biological meaning, and whether they will a�ect

peak saturation pro�le presented a challenge. This is consistent with previous stud-

ies have demonstrated that high quality ChIP-Seq data never saturates without a

fold-enrichment cuto� [99]. Overall, peaksat enabled us to reach target read depth

estimates in order to perform downstream di�erential enrichment analysis. This re-

vealed an overall similar binding pro�les between H4K5ac and H4K8ac marks, but

also showed distinct patterns between normal and tumorigenic breast cell lines.

The primary utility of peaksat is to provide an important starting point for ChIP-

seq studies to determine if the sequence data generated is su�cient to perform down-
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stream analysis. Indeed, as sequencing depth increases, the number of false positive

peaks may increase and it is important to use guidelines provided by ENCODE to

evaluate false peaks in ChIP-seq data. Thus, a particularly important downstream

analysis is identifying a set high-con�dent peak sets from replicates.

2.7 Conclusion

The peaksat R package is useful in conducting and evaluating ChIP-seq projects. We

expect it to easily integrate into existing pipelines as it leverages well established and

commonly used bioinformatics utilities: MACS2, samtools, and R peaksat is a useful

tool to apply into ChIP-seq, CUT&RUN, ATAC-seq, and other high-throughput se-

quencing assays to facilitate high-quality data and a deeper biological understanding.
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Figure 2.1: Figure 1: Peaksat package to evaluate read depth in ChIP-seq ex-
periments. A) The peaksat work�ow is shown here. ChIP-seq projects are organized by
the factor (i.e., target TF or histone mark), and then all available data for a factor are
combined into a meta-pool for a speci�c target. B) The typical relationship of number of
called peaks vs. sequencing depth. C) The red and blue lines indicate saturation curves for
the di�erent libraries composing the meta-pool. Solid lines represent observed peak count vs
read count data while the dotted lines are extrapolations of those trends.
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Figure 2.2: Figure 2: Peaksat package estimates sequence depth required to reach
saturation for ChIP-seq. A) Meta-pool saturation curves that show the number of
peaks (thousands, k) versus the number of reads (millions, M) for the meta-pool of H4K5ac
and H4K8ac ChIP-seq libraries. B) Target depth estimation procedure. Blue and red lines
indicate data from constituent replicates to the meta-pool. Solid-dark lines are observed data
from the initial low-depth sequencing run. Dotted lines are linearly extrapolated from the
initial sequencing and were used to predict the number of reads required to reach saturation.
Solid-light lines are observed data from combined initial and follow-up sequencing runs. C)
Tables used to calculate the number of additional reads required to reach saturation (Needed)
based on the number of reads initially sequenced (Initial) and the estimated total target reads
to reach peak saturation (Target). All values are in millions of reads.
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Figure 2.3: Figure 3: The impacts of fold-enrichment threshold and input depth
on peak saturation. A) Number of peaks versus the number of reads across di�erent
fold-enrichment thresholds (mapped to shades of red). Data shown are from the pooled
replicates with combined sequencing rounds. B) Heatmap of the number of peaks called for
combinations of input and ChIP read depths. Numbers along with the color scale indicate
thousands of peaks. C) Number of peaks versus input read depth curves for all cell lines. All
sequencing depths have been limited to 50 M reads for this analysis. The vertical dashed line
indicates a point at 60 M reads beyond which additional input reads have negligible bene�t.
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Figure 2.4: Figure 4: Similar binding pro�les between H4K5ac and H4K8ac. A)
Di�erential binding peaks across cell lines for H4K5ac and H4K8ac are combined together
and grouped into 2 clusters to show the altered binding pro�les and peak enrichment during
progression cell models. The y-axis shows the di�erent peaks and x-axis show the sites
around the peak summit. RPM, reads per million, is scaled to indicate the enrichment
signal. B) Overall enrichment pro�les of di�erential binding sites centered at peak summit
for both targets across di�erent cell lines. The clusters are the same as that in Figure 4A.
C) Examples of genes nearest to the peaks in cluster 1 and cluster 2. Green peaks refer to
H4K5ac binding sites, and orange peaks refer to H4K8ac binding sites. The arrows indicate
the transcription direction (strand) for each example gene.
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Quality Control for H4K5AC
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Figure 2.5: Figure S1: QC analysis of H4K5ac initial sequencing. A) Mapped
reads per replicate. B) Numbers of peaks called per replicated with a fold-enrichment cuto�
of 5. C) Boxplots showing the distribution of the fraction of reads in each peak (FRIP per
peak) for a common reference peak set of 1000 peaks across each sample. D) UpSet plot
indicating the commonality and uniqueness of peaks across samples. E) Euler plot showing
the approximate proportional size and amount of overlap between peak sets. F) K-means
clustered heatmap of RPM normalized read pileups of 3kb views at the 1000 peak reference
set. G) Averaged RPM pileups for the clusters indicated in F.
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Quality Control for H4K8AC
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Figure 2.6: Figure S2: QC analysis of H4K8ac initial sequencing. A) Mapped
reads per replicate. B) Numbers of peaks called per replicated with a fold-enrichment cuto�
of 5. C) Boxplots showing the distribution of the fraction of reads in each peak (FRIP per
peak) for a common reference peak set of 1000 peaks across each sample. D) UpSet plot
indicating the commonality and uniqueness of peaks across samples. E) Euler plot showing
the approximate proportional size and amount of overlap between peak sets. F) K-means
clustered heatmap of RPM normalized read pileups of 3kb views at the 1000 peak reference
set. G) Averaged RPM pileups for the clusters indicated in F.
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Figure 2.7: Figure S3: QC analysis of H4K5ac combined sequencing. A) Mapped
reads per replicate. B) Numbers of peaks called per replicated with a fold-enrichment cuto�
of 5. C) Boxplots showing the distribution of the fraction of reads in each peak (FRIP per
peak) for a common reference peak set of 1000 peaks across each sample. D) UpSet plot
indicating the commonality and uniqueness of peaks across samples. E) Euler plot showing
the approximate proportional size and amount of overlap between peak sets. F) K-means
clustered heatmap of RPM normalized read pileups of 3kb views at the 1000 peak reference
set. G) Averaged RPM pileups for the clusters indicated in F.
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Figure 2.8: Figure S4: QC analysis of H4K8ac combined sequencing. A) Mapped
reads per replicate. B) Numbers of peaks called per replicated with a fold-enrichment cuto�
of 5. C) Boxplots showing the distribution of the fraction of reads in each peak (FRIP per
peak) for a common reference peak set of 1000 peaks across each sample. D) UpSet plot
indicating the commonality and uniqueness of peaks across samples. E) Euler plot showing
the approximate proportional size and amount of overlap between peak sets. F) K-means
clustered heatmap of RPM normalized read pileups of 3kb views at the 1000 peak reference
set. G) Averaged RPM pileups for the clusters indicated in F.
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Figure 2.9: Figure S5: Application of peaksat to additional sequencing types.
A) Peak count vs read count saturation curves derived from Cut&Run data targeting the
histone modi�cation H3K4me3 and the transcript factor Ikaros, peaks counted pass a 5 fold-
enrichment threshold. B) ATAC-seq. Both types of data demonstrate characteristics of peak
saturation also seen when analyzing ChIP-seq data. Peaks counted pass a 3 fold-enrichment
threshold. In each sub plot, curves for all replicates are shown in gray for context.
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Chapter 3

Characterizing epigenomic regula-

tory elements of the MCF10 hu-

man breast cancer progression model

by integrative epigenomic and tran-

scriptomic analysis

3.1 Abstract

Cancer develops through complex epigenetic mechanisms that are pivotal in driving

tumorigenesis. Gene regulatory elements are crucial in reprogramming gene expres-

sion patterns, which is fundamental to tumor initiation, progression, and metastasis.

Nevertheless, there remains a gap in our comprehensive understanding of epigenetic
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alterations throughout cancer development, particularly regarding the range of post-

translational histone modi�cations in breast tumor evolution.

In this research, we delved into the dynamic epigenetic landscape within a MCF10A

breast cancer cell model to gain insights into breast cancer progression. Employing an

integrated approach of ChIP-seq and transcriptomic pro�ling, we initially examined

the epigenetic diversity across four MCF10A-derived cancer cell lines, representing

stages from normal to tumorigenic, ductal carcinoma in situ (DCIS), and metastatic

states. Our analysis uncovered substantial shifts in chromatin con�gurations at reg-

ulatory elements tied to transformation and tumor adaptation. This included stage-

speci�c variations in heterochromatin domains marked by H3K27me3 and H3K9me3.

We further probed the dynamic changes within euchromatin domains, particularly

focusing on enhancer classes denoted by acetylation patterns of histone H3 modi�ca-

tions. By integrating recognized enhancer markers, such as H3K4me1 and H3K27ac,

we identi�ed unique euchromatin patterns. These patterns served as novel indicators

of breast cancer phenotypes, correlating speci�cally with di�erent stages of cancer.

Broadening our comprehensive analysis to include gene regulatory network (GRN)

scrutiny, we pinpointed key transcription factors (TFs) that exert regulatory in�u-

ence across the continuum of cancer stages. Among our �ndings, we identi�ed critical

transcription factors, revealing their crucial roles in orchestrating the complex inter-

play between altered epigenetic patterns and subsequent transcriptomic shifts during

breast cancer evolution.

These results underscore the signi�cance of integrating epigenomic mappings with

gene expression pro�les to understand the nuanced alterations in tumor suppressor

functions during the progression of human breast cancer.
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3.2 Introduction

Breast cancer remains the most prevalent malignancy and the leading cause of cancer-

related deaths among women worldwide [106]. Molecular studies have categorized

breast cancer into speci�c subtypes-luminal, HER2+/ER-, and basal-like-each de-

�ned by distinct gene expression patterns. However, resistance to chemotherapy and

recurrence post-treatment pose signi�cant challenges in managing breast cancer. The

disease is characterized by a complicated interplay of genetic and epigenetic alter-

ations that lead to the aberrant activation of oncogenes and the suppression of tumor

suppressor genes. Key genomic risk factors, such as PTEN, PIK3CA, HER2, BRCA,

and TP53, have been identi�ed, but the absence of common driver genetic mutations

in certain breast cancer subtypes hampers the development of targeted therapies.

Concurrently, studies underscore the signi�cance of epigenetic mechanisms in shap-

ing chromatin structure [107], maintaining genomic stability [108], coordinating DNA

replication [109], and facilitating DNA repair [110], all pivotal in the pathogenesis of

breast malignancies. Notably, dysregulated epigenetic mechanisms have been impli-

cated as a primary cause of breast cancer (reviewed in [4]. Metastasis, a hallmark

of cancer, often driven by epigenetic traits such as cis-regulatory elements [111] and

heterochromatin [112] rather than speci�c genetic mutations. The reversible nature

of epigenetic modi�cations plays a critical role in cancer's heterogeneity, its progres-

sion to metastasis, and in the ongoing struggle against treatment resistance. De-

ciphering the functional implications of these epigenomic mechanisms, particularly

post-translational histone modi�cations (PTMs), sheds light on novel therapeutic ap-

proaches. However, a full understanding of the epigenomic landscape changes and
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the transcriptional reprogramming that underlies these modi�cations in breast tumor

development is still emerging.

Histone PTMs demarcate various non-coding genomic regions, such as promot-

ers and enhancers, which are bound by transcription factors and other regulators to

facilitate gene transcription. Enhancers, marked by PTMs such as H3K27ac and/or

H3K4me1 (poised), act as master regulators of transcription, driving gene expression.

Super-enhancers (SEs), which are extensive clusters of enhancers, have become rec-

ognized for their role in controlling cell-type speci�c gene expression and de�ning cell

identity [34]. Cancer cells often develop SEs at oncogenes, making these genes partic-

ularly sensitive to disruptions in oncogenic signaling [113]. For instance, MYC over-

expression driven by SE ampli�cations has been observed in multiple epithelial can-

cers [114]. In breast cancer, CD47 has been shown to be upregulated by SEs to evade

immune surveillance, linking with in�ammatory signaling [115]. The mesenchymal

transcription factor PRRX1 is known to reprogram the super-enhancer and mRNA

landscapes of adrenergic cells toward a mesenchymal state in neuroblastoma [116]. A

recent study has highlighted a triple-negative breast cancer (TNBC)-speci�c epige-

nomic landscape, contributing to the dysregulated oncogene expression in breast tu-

morigenesis [35]. Moreover, enhancers and SEs, along with their associated proteins

and target gene promoters, constitute the core of regulatory networks. The recon-

�guration of these regulatory interactions is essential for tumorigenesis [117]. Gene

regulatory network (GRN) analysis o�ers a comprehensive method to understand the

intricate molecular processes underlying tumor development and progression in breast

cancer, based on the binding pro�les of signi�cant transcription factors. However, a

thorough analysis of SEs and the rewiring of GRNs throughout the stages of breast
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tumor development remains incomplete.

Conversely, heterochromatin, characterized by densely packed DNA and low tran-

scriptional activity, is a repressive chromatin state essential for maintaining cell type-

speci�c gene expression patterns. Heterochromatin is categorized into facultative and

constitutive types, typically marked by H3K27me3 and H3K9me3, respectively. Fac-

ultative heterochromatin harbors cell type-speci�c repressed genes, while constitutive

heterochromatin, often found at pericentromeric regions, covers repetitive sequences

and transposons [41, 44]. Disruption of heterochromatin can lead to severe devel-

opmental defects and in�uence cell migration by a�ecting the nucleus's mechanical

properties and genetic processes taking place within it [44]. H3K27me3-regulating

proteins play a role in cellular transformation and cancer cell plasticity (reviewed

in PMID: citepmid33003334, and H3K9me3 has been linked to the progression of

pancreatic metastasis [112]. In acute myeloid leukemia, alterations in H3K9 methy-

lation at promoter regions are associated with tumor suppressor gene inactivation,

di�erentiation blockage, and deregulated proliferation [43]. However, the full impli-

cations of these heterochromatin associated repressive PTMs in tumorigenesis remain

to be fully understood. The dynamic interplay between repressive structures like het-

erochromatin and active regulatory elements such as SEs is crucial for maintaining

the delicate balance of gene expression during breast carcinogenesis.

The MCF10A breast cancer progression model, which includes cell lines at var-

ious stages of breast cancer-from benign epithelium to invasive carcinoma-provides

a solid foundation for studying these epigenetic phenomena. This model allows for

the exploration of breast cancer development and the epigenetic alterations driving

the disease from a localized condition to a metastatic and often terminal stage. This
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system is particularly insightful considering the relative scarcity of RAS mutations

in breast cancer, o�ering a unique lens through which to examine epigenetic repro-

gramming events that drive disease progression independent of such mutations [118].

The shared origin of these cell lines a�ords an exceptional opportunity to minimize

variability due to di�ering genetic backgrounds and hormonal statuses.

In conclusion, there persists a lack of complete understanding of the

epigenomic landscape alterations during cancer development, especially

concerning the variety of post-translational histone modi�cations that con-

tribute to the pathogenesis of breast tumors.

In our investigation, we performed a detailed integrative analysis of the binding

pro�les of histone modi�cations, mapping the epigenomic territories correlated with

the various stages of breast cancer development within the MCF10 breast cancer pro-

gression model. Our study sheds light on the complex interplay among heterochro-

matin, enhancers, and super enhancers, which are fundamental to the transcriptional

reprogramming characteristic of breast cancer's pathology. Such reprogramming is

re�ected in the altered clinical manifestations and has signi�cant prognostic impli-

cations. Through a meticulous analysis of gene regulatory networks, informed by

H3K27ac binding pro�les, we have identi�ed key transcription factors, which play

a critical role in regulating vital cellular processes such as the cell cycle, DNA re-

pair, and the epithelial-to-mesenchymal transition (EMT)-all crucial in breast cancer

progression from initial onset to metastasis and therapeutic resistance.

Our research highlights the promising prospects of epigenetic treatments in breast

cancer, providing novel insights into the regulatory mechanisms involved. It opens

avenues for the discovery of new prognostic indicators and therapeutic targets with
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the potential to transform patient management. Moreover, this study o�ers a ro-

bust framework for exploring the restructured epigenomic landscape in the context

of therapy resistance and recurrence in breast cancer treatment.

3.3 Method

3.3.1 Generation of MCF10A stable cell lines

and cell culture

Human breast cancer cell lines MCF10A cells were purchased from ATCC, and the

cell lines MCF10AT1, MCF10CA1a and MCF10DCIS are a gift from Je� Nicker-

son's lab. Cell lines were cultured as described previously in [96]. The cells were

grown in DMEM: F12 (Hyclone: SH30271, Thermo Fisher Scienti�c, Waltham, MA,

USA) with 5% (v/v) horse serum (Gibco: 16050, Thermo Fisher Scienti�c, Waltham,

MA, USA) + 10 �g=ml human insulin (Sigma Aldrich, St. Louis, MO: I-1882)+

20 ng=ml recombinant hEGF (Peprotech, Rocky Hill, NJ, USA: AF-100-15) + 100

ng=ml cholera toxin (Sigma Aldrich: C-8052) + 0.5�g=ml hydrocortisone (Sigma

Aldrich: H-0888) 50 IU/ml penicillin/50 �g=ml streptomycin and 2 mM glutamine

(Life Technologies, Carlsbad, CA, USA: 15140-122 and 25030-081, respectively). Cell

lines were examined by STR and karyotype analysis to validate cell identity and

integrity (data not shown).
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3.3.2 ChIP-Seq and data analysis

ChIP-seq assays were performed as described by O'Green et al. [98]. Biological repli-

cates for ChIP-seq experiments were generated for each cell line from di�erent cell

passages. The correspondent cells without the addition of antibodies (input libraries)

were used as the ChIP controls. Each library was sequenced across 2 separate lanes

of 75bp single end Illumina sequencing. Antibodies used in this study are listed as

below: ab8895 4me1, ab6002 27me3, ab8898 9me3, ab8580 4me3, ab4729 27ac, and

H4K5/8ac antibodies were purchased from EpiCypher.

Data quality was assessed using the ssvQC R package (version 1.0.6) [100, 119]

using 1000 peaks randomly selected from the merger of all peak calls per histone

modi�cation in terms of replicate overlap and FRIP (fraction of reads in peaks, [90]).

ChIPseq for histone marks H3K4Me1, H3K4Me3, H3K27ac, H3K9Me3, H3K27Me3,

H4K5ac and H4K8ac in MCF10 series was performed as described above [98]. The

single-end reads were aligned to hg38 using STAR (v 2.7.7a) [120] with ��alignIntronMax

1� to disable spliced alignments. Resulting bam �les were sorted using samtools sort

(v 1.11) [121]. Peaks were called using cell line match input with MACS2 (v 2.1.1) [99];

narrowPeaks for H3K4me3, H3K27ac, H4K5ac and H4K8ac and broadPeaks for

H3K4me1, H3K27me3, and H3K9me3. Signi�cant peaks were determined using q-

value cuto� of 5e-3, with a broad-cuto� of 0.1 for broad peaks. Fold-enrichment

bigwig �les were generated using macs2 bdgcmp and UCSC tools bedGraphToBig-

Wig utility-v4 [122]. After pooling replicate bam �les us �samtools merg�, peak calls

and fold-enrichment bigwigs were also generated on pooled samples. Overall, the

analysis approaches are summarized in Supplementary Figure 1 (3.10)
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ChromHMM (version 1.2.4) [57] was utilized to binarize BAM �les and generate a

15-state model of chromatin states based on �ve histone modi�cations. Di�erentially

marked chromatin domains were pinpointed using SCIDDO [62], with visualization

options available on a dedicated shiny application (URL provided upon request).

Post-translational histone modi�cation pro�les were analyzed using CSAW [123], and

the corresponding scripts can be provided upon request. Super enhancers were delin-

eated with the ROSE tool, and core regulatory circuits (CRCs) were deduced using

CRCmapper [124], predicated on the identi�ed super enhancers.

Gene regulatory networks (GRNs) were pieced together employing the PECA [125]

tool, incorporating Refseq annotations based on the hg38 release from the UCSC

genome browser. Network analysis was performed using the igraph package [126] in

R and network visualizations were created with Cytoscape 3.9.0 [127]. The entire

suite of coding scripts utilized for data processing and analysis, along with the raw

and processed datasets, will be systematically archived on GitHub and submitted to

the Gene Expression Omnibus (GEO) for public access.

56



3.4 Result

3.4.1 Exploring the epigenomic landscape in the

MCF10 breast cancer progression model:

investigating the role of altered epige-

nomic profiles in transcriptionally repro-

gramming breast tumor progression

Breast cancer progression is a complex multifactorial process shaped by genetic alter-

ations, epigenetic modi�cations, and environmental in�uences. An improved under-

standing of the intricate molecular mechanisms driving the onset and advancement of

human breast cancer requires the use of pliable model systems. These systems facili-

tate gene-speci�c manipulations in the various stages of breast cancer. The MCF10

suite of cell lines presents such a model, re�ecting the various stages of breast cancer

progression: from the normal-like non-malignant mammary epithelial MCF10A to the

premalignant state with HRAS activation in MCF10AT1, advancing to the comedo

Ductal Carcinoma In Situ (DCIS) on MCF10DCIS.com, and culminating in the ma-

lignant tumorigenic MCF10CA1a. Originating from a single parent lineage and main-

taining a near normal karyotype, these cell lines o�er a consistent genetic background

to study breast cancer progression, mitigating the genetic and hormonal discrepancies

often encountered with other models or when comparing disparate breast cancer cells

(Figure 1A (3.1)).
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This model is particularly valuable for the inclusion of an active HRAS mutation.

Ras mutations occur in 27% of cancers and in breast cancer approximately 4% of these

are HRAS mutations [128]. Even though HRAS is less frequently mutated, given the

fact that 1/8 women will develop breast cancer in their lifetime, this mutation repre-

sents approximately 5 million women worldwide. Although not as prevalent as other

molecular changes such as BRCA1/2 mutations or HER2 ampli�cations, RAS muta-

tions, which encompass HRAS, KRAS, and NRAS, are in�uential in breast cancer,

driving oncogenic signaling pathways that are critical for tumor initiation, progres-

sion, and metastasis. These mutations lock RAS proteins in an active state, resulting

in dysregulated signaling that promotes proliferation, survival, and migration. These

processes are vital for tumor growth and dissemination. Moreover, RAS mutations

can engender resistance to cancer therapies, activating pathways involved in survival

and diminishing the e�cacy of targeted and chemotherapeutic treatments [129].

The role of epigenetic post-translational modi�cations (PTMs) in breast cancer

progressionis of particular interest due to their in�uence on oncogene activation and

tumor suppressor gene silencing. These modi�cations play a pivotal part in dictating

the epigenomic landscape that drives tumorigenic pathways and impacts therapeu-

tic outcomes [130]. The diverse array of PTMs, interwoven within chromatin states,

forms a sophisticated histone code that modulates transcriptional activity. For in-

stance, H3K4me3 marks are abundant at active promoters, while H3K4me1 marks

characterize primed enhancers. The breadth of H3K4me3 demarcation is essential for

tumor suppressor functionality, whereas acetylation marks like H4K5ac and H4K8ac

are prevalent at active transcriptional start sites and gene bodies. H3K27ac is as-

sociated with active promoters and enhancers in conjunction with H3K4me1, with
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the latter also indicating poised enhancers. Super-enhancers, marked by H3K27ac,

are hotspots of enhancer activity pivotal for cellular identity, tumor suppressors, and

oncogenes (references throughout).

Using the MCF10A-derived progression model, we investigate epigenetic mecha-

nisms at di�erent stages of tumor development. By pro�ling the epigenomic landscape

alterations through this model, we aim to elucidate the dynamics of PTMs and their

regulatory roles and the molecular underpinnings of breast tumor development. We

analyzed ChIP-seq data from cell lines within the MCF10 breast cancer progression

model, delineating the binding pro�les of seven PTMs, including repressive H3K9me3

and H3K27me3, active H3K4me3, H4K5ac, and H3K8ac, and enhancer-associated

H3K4me1 and H3K27ac (Figure 1B (3.1)).

Quality control in ChIP-seq experiment design and data evaluation is critical, par-

ticularly in understanding the sequencing depth necessary for a high-quality dataset.

This depth is contingent upon the genome's size and the binding sites' number and

size for the protein of interest [84]. Guidelines from the modENCODE and ENCODE

consortia provide valuable benchmarks for sequencing depth [131]. However, tech-

nical issues can lead to low-quality sequencing libraries, which cannot be remedied

by merely increasing the sequencing depth; such cases necessitate experiment repeti-

tion. The sequencing depth for speci�c histone modi�cations and targeting antibodies

varies widely, complicating the determination of the required read depth, especially

when the binding pro�le, like that of histone 4 acetylation, is not well characterized.

Through multiple rounds of ChIP-Seq experimentation, we achieved the desired

sequencing reads, employing tools such as ssvQC [119] and peaksat [132], we enabled

the robust downstream analyses. According to the data presented in Table 1&2 (3.1,
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3.2), each cell line sample consistently exhibited a sequencing depth of no less than

30 million reads and approximately 30,000 enriched peaks discerned against the input

samples, as identi�ed by the MACS2 algorithm [99]. Notably, the MCF10DCIS cell

line demonstrated the least requirement for sequencing depth, e�ciently yielding over

50,000 peaks. Conversely, the H3K4me3 histone modi�cation emerged as the most

extensively characterized, necessitating a lower sequencing depth due to its inherent

stability [131].

Contrary to the ENCODE consortium's ChIP-Seq guidelines, which postulate that

narrow peak histone modi�cations typically require around 25 million reads for ade-

quate peak acquisition, the MCF10CA1a cells defy this standard. These cells consis-

tently demand a substantially higher sequencing depth-exceeding 70 million reads-to

amass a su�cient quantity of high-caliber peaks to support meaningful downstream

analysis. This increased demand for depth in MCF10CA1a was consistent across all

PTMs, and despite all experimental conditions being identical to the other cell lines

indicating that this phenomenon was intrinsic to these cells (Table 1&2 (3.1, 3.2)).

The H3K27me3 modi�cation commanded heightened scrutiny within our datasets.

It perpetually posed as a challenge in ChIP-Seq applications, invariably calling for

the utmost sequencing depth among all factors studied. In anticipation of delving

into the superenhancer pro�les marked by H3K27ac, we intentionally augmented the

sequencing depth for H3K27ac libraries (Table 1&2 (3.1, 3.2)). This strategic increase

is crucial for our in-depth assessment of superenhancer pro�le alterations within this

breast cancer progression model.

Beyond mapped reads and peak enumeration, the Fraction of Reads in Peaks

(FRIP) serves as a critical metric, quantifying the proportion of reads that cluster
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within the peaks as opposed to the background noise represented by input libraries

devoid of antibodies. Our results are indicative of high-quality histone modi�cation-

targeted libraries, with each library's FRIP value surpassing that of the input library

by at least threefold (Table 3 (3.3)). This substantial margin underscores the signal

strength over the background noise for each cell line studied.

Moreover, the profusion of di�erentially bound regions (data not shown) across

the PTM pro�les corroborates our assertion: we have successfully established a com-

prehensive ChIP-Seq dataset. This dataset forms the foundation for an extensive

examination of the epigenomic alterations characterizing the MCF10 breast cancer

progression model, ensuring a fertile ground for future explorations into the intricacies

of breast cancer epigenetics.

3.4.2 ChromHMM models the pattern of enrich-

ment profiles of the epigenomes to define

the chromatin states in MCF10A-derived

progression cell model.

Epigenomic mapping has uncovered the signi�cant role of noncoding DNA regions in

human biology, evolution, and disease. Techniques like the identi�cation of histone

modi�cations and open chromatin regions o�er deep insights into genome annota-

tion and regulatory element dynamics across various cell types and diseases [58, 59].

Going beyond single-mark studies, the spatial analysis of multiple marks provides

richer information. ChromHMM is especially useful for pro�ling the genome's non-
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coding segments, revealing regulatory activities that are pivotal for cellular phenotype

changes during the development of breast tumors, an area still not fully explored.

ChromHMM's methodology involves modeling the distribution of histone modi�ca-

tions to designate chromatin states to genomic regions, thus delineating the genome

into discrete 200 bp bins assigned to one of 20 chromatin states. These states corre-

spond to genomic elements such as promoters, enhancers, and repressed regions, but

also help in discovering new element classes or subclasses [56]. They are instrumental

in identifying how transcriptional reprogramming by noncoding elements can initi-

ate the transformation of normal cells into cancerous ones within the MCF10 breast

cancer progression model [133].

For our dataset, we applied ChromHMM to discern and re�ne the model to 23 dis-

tinct chromatin states, reordering them by their mutual similarities (Figure 1C (3.1)).

This approach used ChIP-seq data for seven di�erent PTMs, including H3K4me1,

H3K4me3, H3K9me3, H3K27ac, H3K27me3, H4K5ac, and H4K8ac. With four cell

lines from the MCF10 breast cancer model, characterized by eight chromatin marks

and expression enrichment, we created a robust framework for chromatin state cate-

gorization (Figure 1C (3.1)). Our chromatin states, named in line with the Roadmap

Epigenomics Consortium, re�ect the functions of non-coding genomic segments [60].

In our model, certain states are linked with active transcription start sites or pro-

moters, while others relate to enhancer activity, or are bivalent and repressive. The

repressive states are particularly enriched in heterochromatin-associated modi�ca-

tions like H3K27me3 and H3K9me3. A signi�cant portion of the genome falls into a

quiescent state, and a small fraction, with a mix of all marks, remains unclassi�ed

and is denoted as "Repeats" (Figure 1C (3.1), middle panel).
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Our nomenclature for the chromatin states was deliberately chosen to mirror the

functional annotations of non-coding genomic regions and to align with the stan-

dards set by the Roadmap Epigenomics Consortium [60]. In our re�ned 23-state

model, three states are in proximity to active transcription start sites or associated

with promoters, characterized by approximately a 50% likelihood of H3K4me3 signal

detection (states rE 11/13/14, collectively representing less than 2% of the genome).

Two states correspond to regions of active gene transcription (rE5/17, constituting

less than 0.5% of the genome). Eight states are linked to enhancer regions, en-

compassing both poised and active enhancers, as well as potential Super Enhancers

associated with promoters (rE4/6, roughly accounting for 10% of the genome). Two

bivalent states are typically found near inactive transcription start sites (rE 19/21,

about 1% in total). Eight states represent repressive chromatin, including facultative

heterochromatin enriched in H3K27me3 and constitutive heterochromatin marked by

H3K9me3 (approximately 10% each, with less than 2% marked by both). One state

re�ects quiescent regions (rE16, comprising over 70% of the genome). The remaining

genome fraction, less than 0.5%, could not be de�nitively categorized into any state

due to the presence of all analyzed marks and is labeled as "Repeats" with a posterior

probability around 0.5 (as detailed in Figure 1C (3.1), middle panel). In conclusion,

the identi�ed active and inactive chromatin states support previous �ndings about

chromatin compartments, particularly the dominance of the quiescent state [58,59].

This comprehensive characterization not only de�nes the chromatin landscape

but also underpins the identi�cation of regulatory elements and their roles in cellular

di�erentiation and disease progression, particularly in the context of breast cancer

development.
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Our investigation delved into the changes in chromatin states within the same ge-

nomic segments across various cell lines in the MCF10A-derived breast cancer progres-

sion model. By utilizing ChromHMM alongside SCIDDO [62], we pinpointed signi�-

cantly di�erential chromatin domains (DCDs) through pairwise comparison. Focusing

on three main comparisons-MCF10A vs. MCF10AT1, MCF10AT1 vs. MCF10DCIS,

and MCF10A vs. MCF10CA1a-we aimed to interpret the chromatin state shifts

characteristic of each unique cell line within the breast cancer progression model.

Chromatin states were broadly categorized into four groups for the analysis:

Heterochromatin-associated, Enhancer-associated, Promoter-associated states, and

other states, including Repeats and Quiescent, as depicted by the emission signal pat-

terns in Figure 1D (3.1). Our �ndings revealed that the majority (over 90%) of DCDs

in the comparisons fall under Heterochromatin-associated states, with Enhancer-

associated states making up more than 4%, and a smaller portion (less than 2%)

being Promoter-associated. This indicates that chromatin state transitions in our

model are predominantly occurring within non-coding regions marked by repressive

H3K9me3 and/or H3K27me3.

The MCF10AT1 vs. MCF10DCIS comparison yielded the highest number of

DCDs, suggesting signi�cant chromatin state alterations during breast tumor devel-

opment (Figure 1E (3.1)), corroborated by RNA-Seq analysis which showed the most

di�erential gene expressions between MCF10DCIS and MCF10AT1 (data not shown).

This highlights the role of the histone code in de�ning chromatin states and conse-

quently regulating gene transcription. The transition from normal to pre-malignant

states in the MCF10A vs. MCF10AT1 comparison showed the fewest DCDs, implying

minimal chromatin changes during this transition.
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Genomic annotation results revealed that the vast majority of DCDs are classi-

�ed as repetitive elements such as SINEs, LINEs, and LTRs, which are integral to

genome organization and evolution, as well as gene expression modulation (Figure 1E

(3.1)). RefSeqGene and LncRNA annotations followed as the second and third most

frequent DCD annotations in each comparison (Figure 1E (3.1)). Aside from these

repetitive regions, the epigenomic landscape reshapes the histone chromatin struc-

ture and chromatin states of other regulatory elements, in�uencing targeted gene

transcription (Figure 1E (3.1)).

In summary, our study underscores the dynamic nature of the epigenomic land-

scape in constructing altered chromatin state maps, which de�ne chromatin structures

and the roles of non-coding regions, ultimately steering transcriptional reprogram-

ming. These insights emphasize the critical function of heterochromatin-associated

regions in the dynamic regulation of gene transcription and phenotypic plasticity,

underscoring their potential impact on gene activation in tumor suppressor pathways

and the transcriptional diversity that may allow cancer cells to thrive under various

conditions or resist therapies.

Factor MCF10A MCF10AT1 MCF10DCIS MCF10CA1a
H3K27ac 85.0/89.9 52.1/27.1 36.9/60.9 48.4/58.5
H3K4me1 49.7/49.1 36.0/29.1 67.5/63.3 39.4/55.6
H3K4me3 76.9/82.7 27.3/28.3 23.1/18.0 88.6/52.6
H3K27me3 29.4/32.9 41.7/49.8 55.6/26.0 61.4/65.3
H3K9me3 100.2/112.2 22.3/147.1 69.7/74.4 71.3/40.0

Table 3.1: Table 1: Table of mapped reads for each ChIP-Seq sample (two replicates in
million reads).
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Factor MCF10A MCF10AT1 MCF10DCIS MCF10CA1a
H3K27ac 66.3/50.9 91.1/76.7 70.8/75.0 59.2/77.7
H3K4me1 108.4/96.2 141.2/118.2 102.6/101.2 109.7/109.0
H3K4me3 30.2/30.6 28.5/40.8 19.2/30.3 40.5/44.7
H3K27me3 172.5/126.2 210.9/98.6 70.0/177.4 90.1/89.1
H3K9me3 178.4/97.0 92.6/163.8 79.8/86.0 130.8/76.7

Table 3.2: Table 2: Table of peak counts for each ChIP-Seq sample (two replicates in thou-
sands counts).

Factor MCF10A MCF10AT1 MCF10DCIS MCF10CA1a
H3K27ac 0.25/0.19 0.31/0.31 0.27/0.33 0.47/0.28
H3K4me1 0.25/0.21 0.28/0.41 0.30/0.28 0.41/0.32
H3K4me3 0.80/0.89 1.08/1.86 1.14/1.35 1.46/1.60
H3K27me3 0.28/0.25 0.35/0.38 0.41/0.37 0.34/0.33
H3K9me3 0.15/0.14 0.23/0.21 0.19/0.17 0.20/0.24

Table 3.3: Table 3: Table of FRIP for each ChIP-Seq sample (Replicates in 100%).

3.4.3 Dynamic Repositioning of Heterochromatin:

Unraveling its Correlation with Gene Tran-

scription along the MCF10-Derived Breast

Cancer Progression Model

Heterochromatin is categorized into two main types: facultative and constitutive,

each marked by distinct histone modi�cations. Facultative heterochromatin, identi-

�ed by H3K27me3, contains genes repressed in a cell type-speci�c manner (reviewed

in [44]. Constitutive heterochromatin, meanwhile, is characterized by H3K9me3

and typically overlies repetitive DNA sequences and transposons found in consis-

tent locations across di�erent cell types, such as pericentromeric regions (reviewed
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in [41]. Notably, though constitutive heterochromatin is typically transcription-

ally inactive, low-level transcription from repetitive elements has been detected in

Drosophila melanogaster [134].

Our research explored changes in heterochromatin-associated states (rE7, 15, 18,

19, 20, 21, 22 and 23) throughout the MCF10A breast cancer progression cell line

series. As depicted in Figure 2 (3.2), over 1500 heterochromatin-associated di�er-

entially chromatinized domains (DCDs) underwent state transitions from MCF10A

to MCF10AT1. The majority of these transitions occurred between rE18 (Constitu-

tive Heterochromatin marked solely by H3K9me3) and rE20 (Facultative Heterochro-

matin marked solely by H3K27me3), with two-thirds shifting from rE18 to the more

transcriptionally accessible rE20. Conversely, less than a third became more stably

repressed, moving from rE20 to rE18. Comparisons between the pre-malignant and

normal-like phenotypes also revealed switches from active to repressive states and

vice versa, with a trend towards activation that may signal oncogene domain acti-

vation. From MCF10AT1 to MCF10DCIS (Figure 2 (3.2)), we observed over 6000

DCDs changing states, with a pattern similar to earlier stages but with more transi-

tions to repressive states in MCF10DCIS, suggesting a key role for tumor suppressor

gene suppression during this phenotypic transition. Furthermore, among the 5000

DCDs transitioning from MCF10AT1 to MCF10CA1a (Figure 2 (3.2)), some shifted

to the transitional state rE7, indicating unique regulatory mechanisms at play in the

progression of invasive breast tumors. These insights into chromatin state segmenta-

tion and di�erential chromatin domains highlight the signi�cance of heterochromatin

repositioning in a breast tumor progression model driven by HRAS activation. By

studying the dynamics of heterochromatin-associated repressive non-coding regions,
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we aim to understand how these regions correlate with transcriptional reprogramming

and phenotypic plasticity in the MCF10-derived breast cancer progression model.

We hypothesize that the repositioning of repressive marks (H3K27me3 and H3K9me3)

correlates with reduced repression of oncogenes and/or increased suppression of tu-

mor suppressor genes. Due to the inherent resolution limitations in chromatin state

maps, we are examining di�erential binding pro�les of H3K9me3 and/or H3K27me3 to

determine how repositioning within these dynamic repressive regions regulates down-

stream gene transcription and in�uences phenotypes in the context of biologically

functional pathways.

H3K9me3 is essential for maintaining lineage stability by silencing genes that

are not expressed in certain cell types, thereby contributing signi�cantly to lineage-

speci�c gene expression and cell identity (summarized in [42]. Beyond this, H3K9me3

is known for its versatile roles in numerous cellular processes, including apoptosis,

autophagy, development, DNA repair, and transcriptional regulation, among others

(summarized in PMID: citepmid31428579. It is also implicated in cell migration [44]

and is being explored as a therapeutic target in diseases like acute myeloid leukemia

[43]. Understanding the role of H3K9me3 in cell identity furthers our grasp of cell fate

modulation and highlights the dynamic regulation by H3K9me3. Yet, the changes in

H3K9me3 distribution during breast tumor development and their regulatory e�ects

on gene transcription remain to be fully elucidated.

Figure 3 (3.3) presents the H3K9me3 enrichment pro�le, compiled using CSAW

[123] to detect and then integrate signi�cant di�erential binding regions across three

main pairwise comparisons. We observed seven distinct clusters based on H3K9me3

enrichment patterns, with Clusters 1, 2, and 7 showing increased H3K9me3 levels
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in transformed cell lines compared to MCF10A, di�erentiated by their signal shapes

and genomic features. Cluster 2, containing the most di�erential binding regions,

exhibited sharp peaks, particularly largely annotated over Gene Transcriptional Start

Sites (shown as RefSeqGene in Figure 3C (3.3)).

Gene annotation for these clusters revealed a gene expression trend: reduced ex-

pression in the MCF10DCIS and MCF10AT1 lines compared to MCF10A, with an

increase in MCF10CA1a cells. This expression pattern aligns with H3K9me3-binding

enrichment pro�le in clusters 1, 2, and 7, but appears independent from the H3K9me3

binding pro�le in clusters 3, 4, 5, and 6, suggesting that H3K9me3 may have a lim-

ited role in gene regulation or may regulate tumorigenesis via in�uencng other cellular

mechanisms (Figure 3B (3.3)). Further investigation into the molecular functions of

these di�erentially bound regions showed that H3K9me3-marked regions are signi�-

cantly involved in signaling pathways and transcriptional repression (Figure 3D (3.3)).

For instance, Cluster 4, highly enriched in MCF10A cells, corresponds to the Wnt-

beta-catenin signaling pathway, a key player in the epithelial-mesenchymal transition

(EMT) process, implying that H3K9me3 displacement in transformed cells may pro-

mote the transition from normal to malignant cells. Conversely, Cluster 6 regions,

associated with pathways like p53, Notch, and apical junction, are crucial for cell

identity, with increased H3K9me3 in MCF10DCIS potentially aiding the suppression

of tumor-suppressing mechanisms (Figure 3E (3.3)).

These �ndings lay the groundwork for further research into H3K9me3's role as

an epigenetic regulator, with potential implications for understanding disease mech-

anisms and developing therapeutic interventions.

In addition to H3K9me3, H3K27me3 has been recognized as a crucial component
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in executing a migration-speci�c transcriptional program [135]. Research by Hosogane

et al. has indicated that the enrichment pro�les of H3K27me3 undergo changes in

the gene body and around transcription start sites in response to the continuous

activation of the RAS signaling pathway [50].

Our study further conducted di�erential binding analyses of H3K27me3 across

various comparisons within the MCF10 breast cancer progression model, the pairwise

comparisons are the same as that in H3K9me3. From this analysis, we identi�ed

�ve clusters of regions where H3K27me3 binding increased, each corresponding to

speci�c cell lines within the model, with the exception of clusters 1 and 2 (Figure 4A

(3.4)). These two clusters demonstrated a consistent trend of increased H3K27me3

binding, yet they di�ered in their aggregated signal trends across the remaining cell

lines. Notably, in cluster 4, a total of 4119 regions exhibited the highest H3K27me3

binding in MCF10A cells, suggesting a loss of repression on certain oncogenic ac-

tivation mechanisms in the transformed cell lines. Conversely, clusters 1 and 2 in

MCF10DCIS cells showed a gain in H3K27me3 binding across 7693 regions, indica-

tive of oncogene suppression (Figure 4A (3.4)). Furthermore, clusters 5 and 3 showed

a signi�cant reduction in H3K27me3 binding across 19031 and 3855 regions, respec-

tively, in MCF10AT1 and MCF10CA1a cells. These patterns link distinct H3K27me3

binding domains with the malignant and aggressive phenotypes observed in the cell

lines of the MCF10 breast cancer progression model (Figure 4A (3.4)).

Examining the transcription pro�les, we evaluated whether the altered binding

pro�les of these repressive marks corresponded with oncogene activation. In cluster

4, the displacement of repressive mechanisms aligns with increased transcription of

genes implicated in tumorigenesis (Figure 4B & 4D (3.4)). The increased gene count
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in other cell lines relative to MCF10A, along with the enrichment of genes involved

Wnt-protein binding pathways, highlights their roles in the EMT process. Cluster 3's

regions, associated with the lowest transcription levels in MCF10CA1a cells, mirror

the H3K27me3-binding enrichment pattern and suggest involvement in repressive

metabolic mechanisms that prevent migration and promote aggressiveness (Figure 4

(3.4)). The transcriptional trends for clusters 1 and 2 are consistent with cell type-

speci�c repression of genes involved in PI3K-Akt-mTOR signaling and angiogenesis,

both essential pathways in tumor progression (Figure 4E (3.4)).

In summary, our �ndings corroborate that the repositioning of repressive histone

marks, particularly H3K27me3, is associated with alterations in oncogene repression

and tumor suppressor gene activation, in�uencing key molecular functions and path-

ways critical to breast tumor development.

Additionally, Lammerding et al. noted that con�ned migration can trigger the

formation of heterochromatin, marked by H3K9me3 and H3K27me3, which subse-

quently alters chromatin accessibility [136]. Our study aimed to comprehend the

implications of H3K27me3 and H3K9me3 levels within gene bodies or near transcrip-

tion start sites and their relationship with transcriptional changes in the MCF10A

breast cancer progression model. We analyzed how these modi�cations a�ected gene

transcription downstream.

We conducted integration of signi�cant binding pro�les of H3K9me3 and H3K27me3,

and we discerned patterns across �ve di�erent clusters. Predominantly, regions with

both repressive marks shifted to increased H3K27me3 binding while showing a de-

crease in H3K9me3 binding (Figure 5 (3.5)). This transition aligns with our �ndings

on di�erential chromatin domains (Supplementary Figure 2A (3.11)). Although these
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regions are typically repetitive, they are also observed to have overlaps with lncRNA,

enhancers, and gene transcription start sites (Figure 5C (3.5)). The gene expres-

sion pro�les mirrored this regulatory interplay between H3K27me3 and H3K9me3

(Figure 5B (3.5)). Particularly in clusters 4 and 5, increased H3K27me3 binding

diverged from gene expression, suggesting that these regions may become more tran-

scriptionally active or form bivalent domains with H3K4me3 at promoters and en-

hancers. Pathway enrichment analysis suggests that these regions are involved in

the epithelial-mesenchymal transition (EMT) process, mediated by H3K27me3 and

H3K9me3 (Figure 5E (3.5)).

Furthermore, we linked the regions of di�erential enrichment with dysregulated

genes identi�ed in the corresponding pairwise comparisons (Supplementary Figure 2B

(3.11)). The di�erential gene expression (DEG) summary indicates that the switch

between H3K9me3 and H3K27me3 is associated with genes showing no signi�cant

expression changes across the cell lines, suggesting that the repressive impact of these

marks does not solely account for the altered gene expression pro�les (Supplementary

Figure 2B (3.11)). Instead, these results hint at the role of active histone modi�cations

throughout the progression of breast cancer.

In conclusion, our data supports the hypothesis that the redistribution of repres-

sive histone marks, speci�cally H3K27me3 and H3K9me3, is linked to reduced sup-

pression of oncogenes and/or increased repression of tumor suppressor genes. These

changes also correlate with critical molecular functions and hallmark pathways in-

volved in breast tumor development.
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3.4.4 Rewiring of enhancer profiles relates to

transcriptional reprogramming in MCF10

breast cancer progression model.

Transcriptomic reprogramming plays a crucial role in cancer progression, where the

aberrant expression of genes initiates and advances tumor growth and metastasis.

This reprogramming is largely orchestrated by cis-regulatory elements located within

noncoding regions of the genome, especially enhancers. These enhancers, comprised

of short DNA sequences that serve as docking sites for transcription factors, have be-

come a focal point in disease research due to their signi�cant role in gene regulation.

As outlined by Taipale et al., malfunctioning enhancers are key in the aberrant control

of oncogenes, leading to persistent activation of growth regulatory networks and, con-

sequently, unchecked cell proliferation [137]. A seminal discovery in the �eld revealed

the MYC oncogene's frequent relocation near the enhancer region of the IGH locus in

Burkitt lymphoma, causing pronounced MYC overexpression [138]. Nonetheless, the

intricacies of how enhancer positioning is altered during breast tumor development

are not fully understood.

Our approach to shedding light on this process involved analyzing enhancer-

associated state changes using ChromHMM (Figure 6 (3.6)). We constructed an

alluvial plot to visualize the transitions of enhancer-associated regions, speci�cally

those longer than 4kb, within the MCF10 breast cancer progression model (Figure

6 (3.6)). We found that in the progression from MCF10A to MCF10AT1 cells, 300

regions shifted, a signi�cant portion, from a heterochromatin-associated repressed
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state to an active enhancer state as the cells became pre-malignant, signifying a pos-

sible oncogene activation. Over 70% of these regions in MCF10AT1 cells transitioned

to active enhancer states, while less than 30% moved to a repressed state. Con-

versely, between MCF10AT1 and MCF10DCIS cells, approximately half of the over

550 regions that underwent a state change shifted from active enhancer to repressed

heterochromatin states, indicating an increase in repression. Additionally, about 200

regions in this comparison became more repressed. This pattern between active and

repressed state transitions was approximately equal in the shift from MCF10AT1 to

MCF10CA1a cells (Figure 6 (3.6)).

These observations underscore the complexity and diversity of enhancer roles

throughout the various stages of breast tumor development, with changes in the en-

hancer landscape interacting with heterochromatin pro�les as cells develop malignant

and aggressive traits.

In cancer progression, enhancers characterized by H3K4me1 and H3K27ac are vital

cis-regulatory elements for cell-speci�c gene regulation and the development of dis-

tinct phenotypes [31,139]. Our observations across various cell lines have highlighted

signi�cant variance in the distribution of enhancer-associated chromatin states (Fig-

ure 4A). To understand this variation, we analyzed the binding pro�les of these two

critical enhancer post-translational modi�cations (PTMs), H3K27ac and H3K4me1.

By integrating di�erentially enriched regions with the binding of these two marks,

same as the method shown in Figure Supplementary Figure 1, we classi�ed these

regions into four distinct clusters based on the enrichment patterns of H3K27ac and

H3K4me1 (Figure 7 (3.7)). A majority of these regions overlapped with repetitive

elements and showed an increased association with enhancers and transcription start
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sites, underscoring the prevalence of repetitive sequences within cis-regulatory ele-

ments (Figure 7C (3.7)). Generally, as cells progressed toward malignancy, these

regions exhibited an escalation in H3K27ac and/or H3K4me1 binding (Figure 7A

(3.7)). Speci�cally, clusters 1, 2, and 3 displayed a marked rise in H3K4me1 enrich-

ment, albeit with minimal changes in H3K27ac levels. This suggests that H3K4me1

is actively involved in conferring enhancer potential to these regions, potentially af-

fecting gene transcription (Figure 7A (3.7)).

Cluster 4 presents a unique case; here, the peak patterns are broader, indicating a

more complex regulatory scenario. The enrichment of both H3K27ac and H3K4me1

progressively increased from MCF10A to MCF10AT1 and peaked in MCF10DCIS

cells before decreasing in MCF10CA1a cells. This trend re�ects the transformative

regulatory process as normal cells evolve into malignant phenotypes, as evidenced by

enrichment in gene sets related to RAS signaling, TNF alpha signaling, and chromatin

structure (Figure 7D&E (3.7)). Despite the highest binding enrichment observed in

MCF10DCIS cells, the adjacent gene expression pro�les were at their lowest (Fig

7B), suggesting that while these regions may have acquired the properties of poised

enhancers, they have not yet become active in gene regulation. Alternatively, the

regulatory loops linking enhancers and promoters may extend beyond the maximal

distance considered in our analysis.

These �ndings highlight the dynamic nature of enhancer modi�cation and suggest

the involvement of these regulatory elements in gaining poised potential, yet without

full activation, potentially impacting gene expression during cancer progression.
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3.4.5 Regulation of Super-Enhancer Dynamics

and associated Transcription Factor Across

Breast Cancer Progression

In our study, we mapped the super-enhancer landscape from normal to metastatic

states within the MCF10 breast cancer progression model. Super-enhancers, dense

clusters of enhancers marked by CTCF binding and pivotal in key gene regulation,

have been linked with oncogenic activity and cancer progression acceleration [140,141].

Utilizing the MCF10 model, our analysis, based on methods established by Hnisz et

al. [34], revealed a unique pattern of super-enhancer regions across various stages,

indicating a distinct rewiring of regulatory elements in each progression phase (Figure

8A (3.8)).

We discovered a total of 1067, 957, 1267, and 712 super-enhancer regions in re-

spective cell lines of the model (Figure 8A (3.8)). Within these regions, transcription

factors such as MYC and RUNX1-factors associated with cancer mutation and re-

pression of cancer stem cell formation-were identi�ed [142, 143]. The key oncogene

RAS, along with Myc, demonstrates a signi�cant role in the MCF10 breast cancer

model, being integral in the upstream regulation of Myc signaling pathways. Both

Myc and Ras are well-documented for their broad control over cancer hallmarks,

including proliferation, apoptosis, and cellular self-renewal [144].

Our analysis showed a substantial number of super-enhancers are conserved across

cell lines, suggesting a shared regulatory origin in this breast cancer model. We found

that 391 super-enhancers were common to all four cell lines, revealing the persistence
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of a foundational regulatory framework throughout the progression series (Figure 8B

(3.8)).

Our focus on cell type-speci�c super-enhancer clusters revealed that these reg-

ulatory domains directly in�uence gene expression corresponding to each cell type.

Genes near super-enhancers unique to each cell line exhibited heightened expression

levels, with numerous genes associated with oncogenic activation in the various stages

of progression (Figure 8C (3.8)). Pathway analysis further delineated the functional

roles of genes associated with unique super-enhancers, uncovering their involvement

in signaling pathways critical for cell proliferation, di�erentiation, and the acquisition

of malignant and metastatic traits (Figure 8D (3.8)).

This research solidi�es the concept that a dynamic epigenomic landscape shapes

altered chromatin states and regulates transcriptional reprogramming, underscoring

the signi�cance of super-enhancers in gene regulation and phenotypic plasticity dur-

ing breast cancer progression. All these unveiled distinct super-enhancer domains

corresponding to di�erent stages of breast cancer progression in the context of breast

tumor development.

In addition, enhancer elements function as the logic gates of the gene regulatory

networks to facilitate the understanding of molecular mechanisms that govern breast

cancer pathogenesis.
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3.4.6 Decoding the Core Regulatory Circuitry:

Master Transcription Factors and Super-

Enhancers in Breast Cancer Progression

Model

Recent research has illuminated the presence of clusters known as super-enhancers,

bound by core transcription factors (TFs), which intriguingly regulate not only ad-

jacent genes but also their own expression, creating interconnected auto-regulatory

loops [113,140]. These loops form the core transcriptional regulatory circuitry (CRC)

essential for de�ning cell identity, which is pivotal for advances in regenerative medicine

and understanding the transcriptional dysregulation in breast tumor development

[145].

In our study, leveraging methodologies described in previous research [124], we

utilized RNA-Seq and H3K27ac ChIP-Seq data to identify stage-speci�c master TFs

in the MCF10 breast cancer progression model cell lines. Our analysis identi�ed

CRCs with the highest binding probabilities across four cell lines (Supplementary

Figure 3 (3.12)). We found RUNX1, MYC, FOSL1, JUNB, RARA, MNT, IRX5,

NR3C1, ZBTB7A, RARG, and SREBF1 as common autoregulatory and master TFs

across these cell lines, suggesting a conserved regulatory origin. RUNX1 has been

highlighted for its signi�cant mutation rate in breast cancer patients, underscoring its

likely importance in the disease process. Alterations in the super-enhancers assigned

to RUNX1 across di�erent stages suggest changes in regulatory control (data not

shown).
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Further analysis di�erentiated 31 stage-speci�c master TFs (N=9 in 10A, N=7 in

AT1, N=14 in DCIS, N=1 in CA1a) (Figure 8E (3.8), Table 4 (3.4)). Moreover, our

investigation into the prognostic implications of these TFs in breast cancer, utilizing

TCGA BRCA cohort data, revealed that reduced FOXI1 expression correlates with

poorer patient survival outcomes (FDR-corrected q-value < 0.01) (Supplementary

Figure 4 (3.13)).

Overall, this study o�ers valuable insights into the identi�cation and role of stage-

speci�c master TFs in breast cancer progression and their potential impact on patient

prognosis, enhancing our understanding of the intricate regulatory networks in cancer

biology.

3.4.7 Deciphering Gene Regulatory Networks

in Breast Cancer Progression.

Regulated gene transcription is a fundamental aspect of cellular behavior in eukary-

otes. While individual genes are crucial for normal tissue development, the coordi-

nated regulation of entire gene sets drives processes such as homeostasis [146]. Disrup-

tions in these genes can lead to abnormal development and diseases like leukemia [147].

Transcription factors (TFs) play a central role in controlling gene regulatory patterns

by binding to enhancers enriched with H3K27ac. These TFs often work together

in complex cooperative patterns to regualte target genes, making it challenging to

understand their functional roles [148]. To gain insights into normal and aberrant

cell behavior, it is crucial to develop a comprehensive model that incorporates en-

hancers, TF binding, and target genes to capture the combinatorial code of gene
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transcriptional regulation.

In our study, we meticulously assembled gene networks for each cell line within

the MCF10A breast cancer progression series. This e�ort culminated in a network

comprising 8,943 nodes and 399,229 edges for the MCF10A cell line (Figure 9A (3.9)).

A visual depiction of the gene regulatory network (GRN), representing the top 5%

of connections, can be found in Figure 6A. Here, transcription factors (TFs) are

categorized as either upstream or intermediate actors based on the degree of their

connections (Figure 9A (3.9)). A thorough examination of the central hub nodes

across GRNs from four distinct cell lines, as showcased in Figure 6B , unveiled key

TFs such as ELF1, MAFB, and RUNX1. These TFs have been previously described

in literature to act as important players in cancer, and speci�cally breast cancer

[142,149,150].

Interestingly, the in�uence of certain hub nodes as intermediate TFs varied from

one cell line to another, indicating a dynamic role within the gene regulatory network

(Figure 9B and 9C (3.9)). This variability is evident in the normalized betweenness

centrality plot (referred to as 'stress' in Figure 9C (3.9)), which underscores their

critical positions as network bottlenecks. The disruption of these key nodes would

signi�cantly impact the regulatory network's integrity (as discussed in Chapter 1 on

GRNs).

Speci�cally, ZIC2 emerged as a pivotal TF, particularly in�uential in Wnt signaling

and cancer development [151,152]. Across various stages of breast tumor development,

ZIC2 demonstrated a marked increase in network degree centrality and betweenness

centrality, especially within MCF10CA1a cells, accentuating its in�uential role as a

potential oncogene in tumor progression and invasion within the MCF10 breast cancer
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progression model.

Furthermore, our focus on dynamic TFs such as FOXI1, whose expression and

network topological centrality underwent signi�cant alterations across MCF10 breast

cancer progression model cell lines, highlighted its potential role as a tumor sup-

pressor in epithelial phenotype maintenance. In addition, we compared the altered

interactions of TFs in MCF10AT1 compared with that in MCF10A (Figure 9D (3.9)),

We found that FOXI1 ranks as the most dynamic TF in these two cell lines and in-

dicate a critical role in maintaining normal epithelial phenotypes in the breast gland.

The alterations in FOXI1's activity correlated with advancing malignancy, a �nding

supported by its established involvement in suppressing gastric cancer cell prolifera-

tion [153] and its association with poorer breast cancer prognosis [154].

Another TF, NR3C2, emerged among the most dynamic transcription factors in

early breast cancer progression, suggesting its role as a potential tumor suppres-

sor (Figure 9 (3.9)). Research has linked NR3C2 to critical functions in glucose

metabolism and cancer cell development [155,156].

In essence, our data-driven study delineated the intricate TF networks that or-

chestrate gene expression in breast cancer progression, o�ering a granular view of the

regulatory landscapes and identifying key TFs as potential targets for therapeutic

intervention.

3.5 Discussion

This study addressed the compelling unresolved question how epigenomic landscape

altered across breast tumor development stages represented by MCF10 breast cancer

81



progression model cell lines. Our dataset resolves a major gap in our understanding

of the comprehensive pro�ling of di�erent post-translational histone modi�cations

across MCF10 breast cancer progression model cell lines.

We've unearthed new insights into the regulation of breast cancer progression

by delineating the roles of speci�c epigenetic elements, speci�cally heterochromatin

and enhancers. We �nd that these distinctive regulatory elements cooperatively re-

programming the gene transcription and regulating the cell's evolution towards an

invasive phenotype.

Our research methodology �rstly de�ned the functions of non-coding genomic re-

gions using in the terms of chromatin states using ChromHMM. We also identi�ed

the di�erential chromatin domains to show how the chromatin states switched on

the same genomic regions across the di�erent stages of breast cancer progression.

We found the chromatin state changes normally spread in the regions annotated as

heterochromatin and enhancer. Then our strategy examined the role of epigenetic

regulatory elements marked by di�erent histone modi�cations in a breast cancer pro-

gression model that included mammary epithelial cells (MCF10A), as well as active

HRAS-transformed (MCF10AT1) and early stage (MCF10DCIS) breast cancer cells.

The comprehensive characterizing of regulatory elements represented by the binding

pro�les of histone modi�cations, speci�cally heterochromatin marked by H3K9me3

or H3K27me3 and enhancers marked by H3K4me1 and H3K27ac, supports the im-

portant roles of these regulatory mechanisms underlying breast tumor development.

Then core regulatory circuitry based on super enhancers pro�le help us to identify the

common and cell type speci�c master transcription factors. Lastly, we constructed the

gene regulatory networks to summarize and analyze the relationship between tran-
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scription factors binding to enhancers and the target regulated genes across MCF10A

progression model in a more comprehensive scale. Focusing on GRN, we aim to iden-

tify potential critical transcription factors that function as tumor suppressors and

also oncogene enhancers that could be epigenetic targets for therapeutic application.

One of the key �ndings of this study is the identi�cation of a potential tumor

suppressor FOXI1, FOXI1 is associated with breast cancer prognosis and has been

proved to relate to tumor development in cancers. But this protein has not been well

characterized in breast cancer, so our follow-up study may be focusing on its func-

tions in breast cancer cell growth and migration. In addition, we have identi�ed some

potential regulatory elements marked by H3k9me3 and H3K27me3 that may regu-

late breast tumor development, these regions could be the epi-therapeutic targets in

breast cancer treatment. In dissecting the complex character of regulatory elements,

we pinpointed core transcription factors tied to super-enhancer pro�les, paving the

way for identifying both common and cell-type-speci�c master transcription factors.

These pivotal elements are not merely spectators but active participants in�uencing

tumor progression and potential targets for therapeutic intervention. Besides FOXI1,

we also identi�ed some malignancy-speci�c transcription factors, such as the tran-

scription factors only appear in MCF10DCIS and/or MCF10CA1a cells. Some of

the transcription factors have been established as the biomarkers in cancers. The

potential strategy for targeting these oncogenic TF is disrupting the super enhancer

or typical enhancer segments they bind to aiming to therapeutically reprogram tran-

scription of target genes.

One of the limitations of this study is that the gene annotation for the regulatory

elements currently hinges on proximity to the nearest gene given the arbitrary max-
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imal distances from these regulatory elements. For enhancers and super enhancers,

they form interaction loops with promoters of target genes within TAD (topological

associated domains), but the interaction loop sometimes formed beyond TAD in dif-

ferent conditions. That indicates the target genes of the regulatory elements may be

altered in the context of di�erent biological conditions or cell lines. Hence, it will

give us accurate enhancer-promoter interaction loop if we could use high-resolution

Hi-C data to extract the enhancer-promoter loops. By integrating higher-resolution

Hi-C data, we anticipate more accurately mapping the enhancer-promoter interac-

tions, thus re�ning our understanding of enhancer-driven gene expression. Another

caveat in our study is the construction of GRN, since PECA is designed to model

regulations based on ATAC-seq and RNA-Seq data in which active promoters and

enhancers will be identi�ed and facilitate the recognition of target genes. But in our

case, we constructed GRN using H3K27ac ChIP-Seq data instead of ATAC-Seq data.

Some of the active promoters will be labeled by H3K27ac, especially the ones covered

by long super enhancers, but there must lose some information of active promoters in

our analysis which will narrow down the identi�ed target genes, also impacting the

topological features of transcription factors. To overcome this, we generally focus on

the hub transcription factors which harbors high quantity of interactions even with

lost of targeted genes.

In conclusion, our �ndings align with and extend previous research on the epige-

netic recon�guration accompanying tumorigenesis. This study provides a paradigm

for characterizing comprehensive epigenomic landscape combing epigenomic and tran-

scriptomic pro�les in breast cancer progression model, o�ering a framework to deci-

pher the epigenetic regulation underlying cancer development while shedding light on
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innovative avenues for cancer therapy.

85



MCF10A
Immortalized 
normal-like 
breast epithelial 
cell line

MCF10AT1
Tumor initialized 
cell line with 
G12V active mutant 
HRAS gene 

MCF10DCIS
Breast ductal 
carcinoma in situ 
cell line harvested 
from local tumor of 
xenograft mice model 

MCF10CA1a
Metastatic tumor 
cell line harvested 
from lungs of 
xenograft mice model
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Figure 3.1: Integrative chromatin state landscape of the MCF10 breast cancer
model. (A) Schematic representation of the MCF10-derived breast cancer progression se-
ries. Non-invasive MCF10A cells are highlighted in blue, premalignant MCF10AT1 cells are
highlighted in red, and invasive cell lines ductal in situ carcinoma ((DCIS); MCF10DCIS)
and lung metastatic MCF10CA1a cell lines are highlighted in dark red. ChIP-seq experi-
ments were performed to investigate the distribution and abundance of histone modi�cations
in four human cell lines derived from MCF10A representing a human breast cancer progres-
sion model. (B) Il lustration of post-translation histone modi�cation analyzed in this study.
(C)ChromHMM analysis of the MCF10A progression model. Shown is a heatmap of the
emission parameters, where each row corresponds to a di�erent state (23-state model), and
each column corresponds to factors analyzed in this study. The darker blue color on the
scale bar corresponds to a higher probability of observing the corresponding factor in this
state. The heatmap in the middle displays the percentage of the genome annotated to each
state. And functional annotation as a side plot. (D)SCIDDO di�erential chromatin do-
mains are characterized into general chromatin states category. (E)Bar plots summarizing
the genomic annotations for di�erential chromatin domains at the chromatin state level in
each pairwise comparison.
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Figure 3.2: Figure 2 Heterochromatin states altered across MCF10A progres-
sion cell lines. Alluvial plot represents heterochromatin states switch between di�erent
cell lines at the same genomic locus based on SCIDDO. SCIDDO summarize the num-
ber of signi�cantly di�erential chromatin state domains associated with heterochromatin in
each pair-wise comparison. The pairwise comparison from left to right is: A) MCF10A to
MCF10AT1, B) MCFAT1 to MCF10DCIS and C) MCF10AT1 to MCF10CA1a. The color
scheme of state annotation is the same as that in Figure 1C.
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Figure 3.3: Di�erential bind pro�le of H3K9me3. (A) Signal Heatmap on left panel
represents the dynamic H3K9me3 enrichment pro�le across the progression cell lines. These
sites are k-means clustered and peak signal is summited at the center with the visualization
window size is various, the color scale represents the normalized enrichment in terms of
reads per million (RPM). Aggregated line plots on right panel shows the average H3K9me3
signals di�erentially enriched across progression cell lines in each cluster consistent with
the left heatmap. The colors represent di�erent cell lines. (B) Expression pro�le of nearest
annotated genes with 5kb for each cluster, the gene TPM values are z-score normalized
and mean of z-scored TPM are shown for each cluster in di�erent cell lines. (C) Genomic
annotations for each cluster. (D) Gene ontology molecular function gene set enrichment for
the annotated genes same as in (B). (E) Hall mark gene set enrichment for the annotated
gene set same as in (B).
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Figure 3.4: Di�erential binding pro�le of H3K27me3. (A) Signal Heatmap on left
panel represents the dynamic H3K27me3 enrichment pro�le across the progression cell lines.
These sites are k-means clustered and peak signal is summited at the center with the visu-
alization window size is various, the color scale represents the normalized enrichment in
terms of reads per million (RPM). Aggregated line plots on right panel shows the average
H3K27me3 signals di�erentially enriched across progression cell lines in each cluster consis-
tent with the left heatmap. The colors represent di�erent cell lines. (B) Expression pro�le
of nearest annotated genes with 5kb for each cluster, the gene TPM values are z-score nor-
malized and mean of z-scored TPM are shown for each cluster in di�erent cell lines. (C)
Genomic annotations for each cluster. (D) Gene ontology molecular function gene set en-
richment for the annotated genes same as in (B). (E) Hall mark gene set enrichment for
the annotated gene set same as in (B).
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Figure 3.5: Di�erential bind pro�le of combind H3K27me3 and H3K9me3. (A)
Signal Heatmap on left panel represents the combined di�erentially enrichment pro�le of
H3K27me3 and H3K9me3 across the progression cell lines. These sites are k-means clus-
tered and peak signal is summited at the center with the visualization window size is various,
the color scale represents the normalized enrichment pile up. Aggregated line plots on right
panel shows the averaged enrichment signals di�erentially enriched across progression cell
lines in each cluster consistent with the left heatmap. The colors represent di�erent hsitone
modi�cations. (B) Expression pro�le of nearest annotated genes with 5kb for each cluster,
the gene TPM values are z-score normalized and mean of z-scored TPM are shown for each
cluster in di�erent cell lines. (C) Genomic annotations for each cluster. (D) Gene ontology
molecular function gene set enrichment for the annotated genes same as in (B). (E) Hall
mark gene set enrichment for the annotated gene set same as in (B).
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Figure 3.6: Enhancer states altered across MCF10A progression cell lines. Allu-
vial plot represents enhancer states switch between di�erent cell lines at the same genomic
locus based on SCIDDO. SCIDDO summarize the number of signi�cantly di�erential chro-
matin state domains associated with enhancer in each pair-wise comparison. The pairwise
comparison from left to right is: A) MCF10A to MCF10AT1, B) MCFAT1 to MCF10DCIS
and C) MCF10AT1 to MCF10CA1a. The color scheme of state annotation is the same as
that in Figure 1C.
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Figure 3.7: Di�erential bind pro�le of combind H3K27ac and H3K4me1. (A)
Signal Heatmap on left panel represents the combined di�erentially enrichment pro�le of
H3K27ac and H3K4me1 across the progression cell lines. These sites are k-means clustered
and peak signal is summited at the center with the visualization window size is various,
the color scale represents the normalized enrichment pile up. Aggregated line plots on right
panel shows the averaged enrichment signals di�erentially enriched across progression cell
lines in each cluster consistent with the left heatmap. The colors represent di�erent hsitone
modi�cations. (B) Expression pro�le of nearest annotated genes with 5kb for each cluster,
the gene TPM values are z-score normalized and mean of z-scored TPM are shown for each
cluster in di�erent cell lines. (C) Genomic annotations for each cluster. (D) Gene ontology
molecular function gene set enrichment for the annotated genes same as in (B). (E) Hall
mark gene set enrichment for the annotated gene set same as in (B).
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Figure 3.8: Super enhancer pro�les and core regulatory circuitry in MCF10
breast cancer progression model. (A) ROSE algorithm identi�ed super enhancers in
di�erent cell line (the triangle one on the right side), with colors denoting cell lines (B)
Binary heatmap of super enhancers, the top super enhancers are the cell type speci�c ones,
which has been classi�ed as di�erent clusters shown in C. (C) Expression pro�le of nearest
annotated genes associated with super enhancers within 100kb. The grey stripes on the right
indicate the di�erent clusters of cell type speci�c super enhancers extracted from B. (D)
Hall mark gene set enrichment for the annotated genes same as in (C). (E) Venn diagram
comparing the master transcription factors identi�ed in core regulatory circuitry for di�er-
ent cell lines.
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TF MCF10A MCF10AT1 MCF10DCIS MCF10CA1a
GLIS2 1 0 0 0
FOXI1 1 0 0 0
ELF3 1 0 0 0
TP63 1 0 0 0
EGR3 1 0 0 0
RREB1 1 0 0 0
GATA3 1 0 0 0
NFIX 1 0 0 0
FOXC2 1 0 0 0
KLF5 0 1 0 0
FOS 0 1 0 0
SP1 0 1 0 0
HOXA4 0 1 0 0
DMRTA1 0 1 0 0
ELK3 0 1 0 0
DBP 0 1 0 0
HOXC8 0 0 1 0
THRB 0 0 1 0
ESRRG 0 0 1 0
STAT4 0 0 1 0
GRHL1 0 0 1 0
NFE2L2 0 0 1 0
TCF12 0 0 1 0
NEUROD1 0 0 1 0
MZF1 0 0 1 0
ETV6 0 0 1 0
RFX3 0 0 1 0
FOXA1 0 0 1 0
MECOM 0 0 1 0
POU2F1 0 0 0 1
IRF1 0 0 0 1

Table 3.4: Table4: Presence (1) or absence (0) of cell-speci�c transcription factors across
cell lines.
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Figure 3.9: Gene regulatory analysis identify important TFs that has di�erential
functions across MCF10 breast cancer progression model cel l lines. (A) An
illustration of gene regulatory network in MCF10A cell generated using PECA program.
The regulatory interactions showed here are the top 5% ones based on prediction score
derived from PECA program. The nodes are classi�ed as upstream transcription factors
(TF, in-degree=0), intermediate TFs and target genes (TG, out-degree=0). These nodes
are di�erently colored based on classi�cations and bigger size denotes higher degrees (number
of interactions). (B) The topological dot plot shows the 22 hub and/or dynamic TFs across
four MCF10 cell lines based on the degrees. The x-axis represents di�erent cell lines, the
color scale represents the expression level (TPM) and the size scale represents normalized
degree centrality of these selective TFs. (C) The topological dot plot shows the 22 hub and/or
dynamic TFs across four MCF10 cell lines based on the degrees. The x-axis represents
di�erent cell lines, the color scale represents the expression level (TPM) and the size scale
represents normalized betweenness centrality (Stress) of these selective TFs. (D) Degree
change of transcription factors from GRNs of MCF10AT1 compared with that of MCF10A.
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Figure 3.10: Supple mentary �gure 1: Analysis approaches used to pro�le the epigenomic
landscape in MCF10 breast cancer progression model
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Figure 3.11: Supple mentary �gure 2: Combining di�erential binding pro�les aligned with
state switches in heterochromatin states and the DEG pro�le for pairwise comparions in
each cluster.
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Figure 3.12: Supple mentary �gure 3: Core regulatory circuitry identi�ed in
MCF10 breast cancer progression model cel l lines.
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Figure 3.13: Supple mentary �gure 4: Kaplan-Meier plot on relapse free survival
for FOXI1

99



Chapter 4

Functional Roles of Bromodomain

Proteins in Cancer

4.1 simple summary

This review provides an in depth analysis of the role of bromodomain-containing pro-

teins in cancer development. As readers of acetylated lysine on nucleosomal histones,

bromodomain proteins are poised to activate gene expression, and often promote can-

cer progression. We examined changes in gene expression patterns that are observed

in bromodomain-containing proteins and associated with speci�c cancer types. We

also mapped the proteinâprotein interaction network for the human bromodomain-

containing proteins, discuss the cellular roles of these epigenetic regulators as part

of nine di�erent functional groups, and identify bromodomain-speci�c mechanisms

in cancer development. Lastly, we summarize emerging strategies to target bromod-

omain proteins in cancer therapy, including those that may be essential for overcoming

resistance. Overall, this review provides a timely discussion of the di�erent mecha-
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nisms of bromodomain-containing proteins in cancer, and an updated assessment of

their utility as a therapeutic target for a variety of cancer subtypes.

4.2 Abstract

Histone acetylation is generally associated with an open chromatin con�guration

that facilitates many cellular processes including gene transcription, DNA repair,

and DNA replication. Aberrant levels of histone lysine acetylation are associated

with the development of cancer. Bromodomains represent a family of structurally

well-characterized e�ector domains that recognize acetylated lysines in chromatin.

As part of their fundamental reader activity, bromodomain-containing proteins play

versatile roles in epigenetic regulation, and additional functional modules are of-

ten present in the same protein, or through the assembly of larger enzymatic com-

plexes. Dysregulated gene expression, chromosomal translocations, and/or mutations

in bromodomain-containing proteins have been correlated with poor patient outcomes

in cancer. Thus, bromodomains have emerged as a highly tractable class of epige-

netic targets due to their well-de�ned structural domains, and the increasing ease of

designing or screening for molecules that modulate the reading process. Recent devel-

opments in pharmacological agents that target speci�c bromodomains has helped to

understand the diverse mechanisms that bromodomains play with their interaction

partners in a variety of chromatin processes, and provide the promise of applying

bromodomain inhibitors into the clinical �eld of cancer treatment. In this review, we

explore the expression and protein interactome pro�les of bromodomain-containing

proteins and discuss them in terms of functional groups. Furthermore, we highlight
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our current understanding of the roles of bromodomain-containing proteins in cancer,

as well as emerging strategies to speci�cally target bromodomains, including com-

bination therapies using bromodomain inhibitors alongside traditional therapeutic

approaches designed to re-program tumorigenesis and metastasis.

4.3 Key words

bromodomain; cancer; chromatin reader; epigenetic gene regulation; histone post-

translational modi�cations; protein-protein interaction network.

4.4 Introduction

Cancer heterogeneity presents major challenges for the development of personalized

treatments [157�160]. Current precision therapies used in the treatment of cancer

are designed to exploit a variety of di�erent biological entities characteristic to indi-

vidual cancer types, such as activated protein kinases, estrogen receptor, and defects

DNA repair enzymes [160�162]. Understanding the mechanistic details of cancer bi-

ology is critical for improving diagnostic tools and for developing new therapeutic

interventions. A comprehensive understanding of cancer requires interpretation of

molecular intricacies at multiple levels such as genomic, epigenomic, transcriptomic,

proteomic, and metabolomic data. With the advent of high-throughput technolo-

gies, the availability of multi-omics data has revo-lutionized our understanding of the

disease process and has created new avenues for integrated system-level approaches.

Epigenetic mechanisms are increasingly being recognized as central to the devel-
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opment and progression of cancer. Epigenetic changes are de�ned as heritable non-

genetic mechanisms that impact gene expression [15]. These mechanisms include DNA

methylation, post-translational histone modi�cations (PTMs), and non-coding RNAs

(i.e., microRNAs and long non-coding RNAs), which play fundamental roles in essen-

tially all nuclear processes involving DNA, including transcription, DNA replication

and DNA repair [163�165]. Improved understanding of the epigenetic mechanisms

underlying cancer etiology has resulted in the identi�cation of a number of molecu-

lar targets and development of novel therapeutics and prognostic biomarkers. Many

epigenetic inhib-itors have emerged as attractive anti-cancer agents in pre-clinical

studies [166]. In particular, the recent advent of small molecule inhibitors that target

bromodomains has pro-vided critical insight into our understanding of the biological

mechanisms that bromo-domain proteins play in cancer. Research in this area has

focused on the development of inhibitors for the bromodomain and extra-terminal mo-

tif (BET) bromodomains, however, more recently inhibitors targeting the non-BET

bromodomains have emerged. These inhibitors have provided new insights into the

cellular function of non-BET bromodomain proteins, and our increasing knowledge of

bromodomain structure and function has shed light on the structural aspects of the

selective histone recognition activities of all bro-modomain proteins. The rationale

design of a second generation of compounds has produced bromodomain inhibitors

that selectively target individual bromodomain proteins, including non-BET bromod-

omain proteins [167]. However, a great deal remains to be understood regarding the

role bromodomain proteins play in cancer progression. Understanding their expres-

sion and interaction pro�les, and their regulatory roles in chromatin modi�ers, could

provide additional insight into bromodomain-dependent mechanisms in cancer [168].
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The role of bromodomain inhibitors across a variety of cancers may yet be important

to re�ne personalized medicine in cancer treatment.

In this review, we systematically evaluate bromodomain-containing proteins as

individual entities of a larger family of epigenetic regulators, highlighting recent ad-

vances in our understanding of how recognition of acetylated lysine by the bromod-

omain in�uences protein function. Our goal is to outline the function of bromodomain

proteins in di�erent biological contexts and to provide insights on the functional role

of the bro-modomain in these process from the lessons learned by examining the cellu-

lar e�ects of small-molecule bromodomain inhibitors as potential anti-cancer agents.

4.5 Bromodomains are Histone Lysine Acety-

lation Reader Domains

Nucleosomes are the fundamental packaging unit of chromatin, progressively fold-

ing DNA into higher-order chromatin structures. A single nucleosome core particle

is composed of 147 base pairs of DNA wrapped around a histone octamer contain-

ing four subunits of histones H2A, H2B, H3, and H4 [19]. The N-terminal tails of

the nucleosomal histone proteins protrude from the core particle and form sites for

numerous covalent PTMs, including methylation, acetylation, phosphorylation, and

ubiquitination. Among the array of di�erent PTMs, the Î©-N-acetylation of lysine

residues represents one of the most abundant PTMs on both histone and non-histone

proteins [169, 170]. The levels of histone acetylation are established by enzymes

including lysine acetyltransferases (KATs; also known as histone acetyltransferases

(HATs)) and histone deacetylases (HDACs). Widely recognized as fundamental epi-
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genetic marks, acetylation of histones is well-known to control chromatin structure

and function, and it plays a central role in the regulation of gene transcription, DNA

repair, and chromatin condensation; as these biological mechanisms are ultimately

coordinated by the epigenome-wide pattern of lysine acetylation marks [171].

Bromodomains are protein interaction modules that �read� N-lysine acetylation

(Kac) marks [172]. There are other known protein domains that recognize and bind to

Kac, including the plant homeodomain (PHD �nger) and YEATS domains [173,174].

However, their primary targets encompass additional PTMs including methylated and

crotonylated lysine, respectively [175,176]. Through their ability to read a variety of

di�erent acetyllysine modi�cations present on each of the di�erent core and variant

histones, bromodomains play a critical role in orchestrating protein and DNA com-

plexes at chromatin. Owing to their central role in chromatin function, bromodomain-

containing proteins have been attributed to play prominent roles in the development

and progression of a spectrum of diseases, including cancer and other cardiovascular,

metabolic, and in�ammatory, neurologic, and musculoskeletal diseases [53].

The bromodomain is a 110 amino acid structural motif that forms of a bundle of

four � -helices (� Z, � A, � B, and � C) where the interhelical� Z- � A (ZA) and � B - � C

(BC) loops create a hydrophobic pocket that recognizes acetyllysine modi�cations.

Although the primary sequence varies between bromodomains, certain residues in the

BC loop region that are involved in Kac coordination are highly conserved [177]. The

bromodomain structure from the Gcn5p subunit in complex with an acetylated his-

tone H4 peptide was solved using X-ray crystallography [178]. This structure revealed

that the site of Kac recognition was in the hydrophobic pocket formed between the

ZA and BC loops. Inside this binding pocket, the carbonyl oxygen on the acetyl group
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of the lysine forms a hydrogen bond with a nitrogen in the amide group of asparagine

407 in Gcn5p. This asparagine residue is nearly universally conserved in all bromod-

omains and is important for Kac recognition. Additionally, the carbonyl oxygen on

the Kac was found to interact with ordered water molecules that help stabilize the

peptide inside the binding pocket. These water molecules participate in a network of

hydrogen bonds between the acetyllysine carbonyl group and other backbone residues

of the bromodomain module to stabilize histone coordination [178].

Bromodomains have been grouped into di�erent subfamilies based on structural

similarities. Filippakopoulos et al., provided a structure-based analysis of the human

bromodomain family using 34 high resolution crystal structures and 4 NMR models,

as well as secondary structure predictions, to cluster each bromodomain into eight

distinct subfamilies (I-VIII). However, although bromodomains are highly conserved

at the structural level, they exhibit relatively low sequence similarity. Of note, the

bromodomain module can possess variable lengths of the ZA and BC loop regions, and

often have conserved amino acid substitutions in residues in the ligand coordination

regions of the binding pocket such as the gatekeeper residue or the WPF shelf [179].

These important di�erences in bromodomain structures have allowed for the design

of highly selective bromodomain inhibitors [179, 180]. The WPF shelf is a distinct

hydrophobic part of the acetyllysine binding pocket made up of residues from the ZA

loop [181]. These residues (W97, P98, and F99) are conserved in the BET family and

are essential for ligand speci�city [179]. Inhibitors designed for BET bromodomains

are often Kac mimetics that interact with residues in the acetyllysine binding pocket,

the WPF shelf, and/or the ZA channel [182]. Another important residue in the

bromodomain binding pocket is the so-called gatekeeper residue. This is the �rst
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residue in the Î¡C helix, that usually consists of a hydrophobic residue, that can either

contain a branched side chain such as isoleucine, or an aromatic Tyr/Phe/Trp. The

nature of the gatekeeper residue changes the size, shape, and chemical composition

of the bromodomain binding pocket to �ne tune ligand recognition [179].

There are a number of di�erent Lys residues present on the N- terminus of each of

the core histone proteins that are known to be acetylated: 10 in histone H2A, 16 in

H2B, 13 in H3 and 9 in H4 [183]. The histone ligand binding activity towards speci�c

Kac modi�cations has been examined in many of the human bromodomains found in

di�erent subfamilies [184]. Further characterization of their preferred histone ligands

has been carried out using a variety of di�erent biophysical methods that employ

recombinant bromodomains and modi�ed histone peptides, or nucleosome substrates

in binding reactions [53]. Classically, methods used for ligand identi�cation included

western blots, isothermal titration calorimetry, �uorescent polarization spectroscopy,

surface plasmon resonance (SPR), and nuclear magnetic resonance (NMR). Newer

more high-throughput methods include peptide arrays [184, 185] and the develop-

ment of AlphaScreen based peptide assays to detect bromodomain ligands from many

di�erent combinations of histone modi�cations [186, 187]. For example, the ligand

binding of the ATAD2 and ATAD2B bromodomains was recently compared using the

dCypher assay developed by EpiCypher [187]. The recombinantly expressed GST-

tagged bromodomains of the ATAD2 and ATAD2B paralogs were screened against

288 unique histone ligands containing singly and multiply modi�ed histone peptides

representing PTMs found in all four of the core histones. that included, acetylation,

phosphorylation, and methylation. Interestingly, although the ATAD2/B bromod-

omains are highly conserved and recognize similar histone ligands, it was discovered
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that the ATAD2B bromodomain has a much broader range of PTM histone bind-

ing partners. The ATAD2B bromodomain interacted with 39 ligands from histone

H4 and H2A, compared to ATAD2A, which bound to 11 ligands on histone H4.

Both of these bromodomains showed a strong preference for histone H4, recognizing

acetylated lysine at residues 5, 8, and 12, similar to what was previously reported

for ATAD2 using TR-FRET methodology [188]. Using ITC and modi�ed peptides,

Lloyd et al., determined the dissociation constants (KD) for mono- and diâacetylated

histone ligands, demonstrating that the ATAD2B bromodomain preferentially rec-

ognizes histone H4K5ac followed by several di-acetylated histone peptides including

H4K5acK12ac. Other bromodomains have also been shown to recognize di-acetylation

modi�cations, including BRPF1, BRD9, TAF1, and the BD1/BD2 bromodomains in

the BET subfamily, suggesting a cooperative role of local sites for ligand binding

[31,36-38].

Over the last few years proteomics studies have identi�ed additional acyl modi�ca-

tions found on histone lysine residues that appear at a much lower frequency compared

to acetylation [189�191]. These include histone lysine propionylation, butyrylation,

crotonylation, succinylation, malonylation, 5-hyroxylation, and N-formylation (Kpr,

Kbr, Kcr, Ksu, Kmal, Khy, and Kfo, respectively) [189�193]. The bromodomains of

BRD4 were shown to recognize Kpr and Kbu, with signi�cantly reduced binding a�ni-

ties compared to Kac at the same residue [194]. Similarly, 49 human bromodomains

were screened for binding to peptides bearing related acyl PTMs, including Kac, Kpr,

Kbu, Kcr, Kfo, and Ksu [195]. While Kpr commonly bound to the bromodomains

screened, only three bromodomains could bind Kbu (CECR2, BRD9 and TAF1/L),

and a single bromodomain showed binding to Kcr at reduced a�nity (TAF1/L) [195].
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None of the bromodomains tested showed a�nity for Ksu using the peptide array

platform. There are also reports of bromodomain interactions with acetylated non-

histone proteins, which highlights the complexity that bromodomain proteins play in

biology [51, 196�198]. Lastly, despite the large number of PTMs found on histones,

our understanding of how these PTM combinations e�ect chromatin recognition is

very limited. However, this knowledge will be essential for deciphering the compre-

hensive nature of bromodomain ligand recognition in the context of the epigenetic

landscape.

4.6 Expression and dependency patterns

of bromodomain genes across can-

cer

The aberrant expression of the genes encoding bromodomain proteins has been fre-

quently associated with a number of di�erent types of cancer, often showing either

a favorable or non-favorable prognostic value [199�204] and reference to (https:

//www.proteomicsdb.org/proteomicsdb/#protein/proteinDetails/18390 ).

Global transcriptomic pro�ling via high-throughput RNA sequencing (RNA-seq)

has proven to be a powerful method for classifying gene expression patterns, iden-

tifying biomarkers for disease classi�cation and diagnosis, and uncovering candidate

drug targets. The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression

(GTEx) projects have provided RNA-seq data from a large number of cancer and

non-cancer samples, providing an exceptional resource for exploring gene expression
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in cancer research [205, 206]. TCGA data is generated across a number of di�erent

cancer types. For example, the TCGA has compiled RNA-seq data for over 900 tu-

mor samples of breast cancer (BRCA), with representatives from each breast cancer

molecular subtypes, in addition to data for 90 adjacent normal tissues.

To summarize the expression patterns of bromodomain genes across di�erent tu-

mor types, the di�erential expression of bromodomain genes in tumor versus normal

tissues are depicted for each of 14 cancer types with adequate numbers of tumor

and normal samples (Figure 2 (4.2)). This analysis of gene expression highlights the

altered expression patterns of several bromodomain genes across many cancers. A

group of bromodomain protein genes are consistently highly expressed across several

di�erent tumor types, including ATAD2, KAT2A, BRWD3, TRIM28, SMARCA4,

BRD9 and BAZ1A. The expression of several of these genes have previously been

documented in di�erent cancers. For example, the gene encoding the ATAD2 AAA-

ATPase bromodomain-containing protein has emerged as a possible therapeutic target

in cancer. The ATAD2 gene has been reported to be overexpressed in a wide variety

of cancers, such as endometrial [207], cervical [208], ovarian [209], colorectal [210],

and gastric [200] cancers. In breast cancer, ATAD2 has been identi�ed as an onco-

gene, and overexpression is an indicator of poor prognosis [160,164,165]. Much less

is known about the paralogous ATAD2B gene, but it has also been reported to be

more highly expressed in several other cancers including brain and breast cancer tu-

mors [211]. Overexpression and/or mutation of the bromodomain-containing KAT2A

(GCN5) HAT appears to correlate with aggressive cancer progression and poor prog-

nosis for several di�erent cancers including non-small cell lung cancer, hepatocellular

carcinoma, breast, colorectal and prostate cancers [212, 213], and reviewed in [214].
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A number of bromodomain genes are consistently decreased in the TCGA cancer

dataset, including KAT2B, SMARCA2, ZYMND11, and MLL [205]. The decreased

expression implies tumor suppressor functions for these proteins. For example, de-

creased SMARCA2 expression has been documented in several cancer cell lines and

primary cancers, and was signi�cantly associated with the poor survival of lung cancer

patients [215,216]. Overall, this portrait of altered gene expression in the human bro-

modomain genes and highlights both common and unique expression patterns across

di�erent cancer types.

A major challenge in cancer research is to identify genes that cancer cells de-

pend on for their growth and survival. Genes that are essential for cell viability in a

context-speci�c manner, as opposed to pan-essential genes, represent potential ther-

apeutic targets. Accordingly, cancer dependency maps generated by genome-scale

CRISPR/Cas9 or RNA interference screens have been used to pro�le the genetic

dependencies of diverse cancer cell lines [217, 218]. This systematic approach has

uncovered many di�erent context-speci�c dependencies in cancer that could be ther-

apeutically exploited [219,220].

To examine the dependencies of bromodomain genes across cancer cell lines, we

interrogated the dependency scores of bromodomain genes using genome-scale loss-

of-function screens available through the DepMap project (Figure 3A (4.3)). This

analysis reveals that certain bromodomain genes are essential across cancer cell lines

derived from di�erent tissue types while certain bromodomain genes exhibit low to

no essentiality in cancer cell-lines. For example, BRD4 exhibits a high percentage of

essentiality across nearly all cell-lines for a given tissue (near 100%). BRD4 has been

classi�ed as an âpan-essential geneâ according to the depmap project. Interestingly,
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several bromodomain genes exhibit context dependency patterns in a subset of cell

lines and may represent a subtype that is vulnerable to bromodomain targeting ther-

apies. In contrast, BRD9 is a bromodomain gene that shows variable dependency

scores across di�erent cancer cells (Figure 3B (4.3)). Interestingly, BRD9 has re-

cently been characterized as an essential gene in the pediatric rhabdoid tumors [221].

Malignant rhabdoid tumors (MRT) are a highly aggressive cancer driven by trun-

cating mutations in the SMARCB1 gene encoding a subunit of the BAF chromatin-

remodeling complex [222, 223]. This speci�c dependence upon BRD9 was shown to

occur through a unique BRD9-SWI/SNF subcomplex distinct from BAF and PBAF

complexes that lacks SMARCB1. Both RNA interference (RNAi)-mediated BRD9

knockdown and CRISPR-Cas9-mediated BRD9 knockout both compromised the pro-

liferation of SMARCB1-mutant MRT cells, providing compelling support that BRD9

is a therapeutic target for SMARCB1-mutated cancers. SMARCB1-mutant MRT

cells were unresponsive to recently developed BRD9 bromodomain inhibitors, which

were shown to have e�cacy in leukemia cells [224]. However, in the same study Wang

et al. showed that previously uncharacterized DUF3512 domain of BRD9 mediates

SWI/SNF complexes in MRT and further suggest that degradation of BRD9 would

instead be required to have therapeutic bene�t. BRD9 degrading small molecules

were recently reported [225,226], which will be of great interest to test its e�cacy in

MRT cancer cells. The SMARCA2 gene also demonstrates context-dependent vulner-

abilities in a several tissue types including lung cancers (Figure 3C (4.3)). SMARCA2

has been identi�ed as an essential gene in a lung cancer cells that harbor SMARCA4

mutations [227]. Additionally, 18% of lymphoma cell lines are signi�cant for SP110

which may reveal a population of lymphoma subtypes that are vulnerable to prospec-
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tive SP110 inhibitors (Figure 3D (4.3)). Thus, cancer gene vulnerability analysis

provides valuable information for understanding the potential for targeting di�erent

bromodomain proteins in various cancer types.

4.7 An Interconnected Network of Func-

tional Groups in Bromodomain pro-

teins

While the human bromodomains have been divided into eight subfamilies based on

their structural features, they are found in a wide range of proteins with diverse

catalytic and sca�olding functions. Bromodomains often act in concert with other

functional modules present in the same proteins, and in their associated proteins

complexes. As bromodomain-containing proteins assemble into larger complexes to

confer contextâspeci�c activity, the systematic analysis of proteinâprotein interac-

tions (PPIs) is useful to summarize potential functional pathways associated with the

cellular roles of these chromatin reader proteins. The availability of high-throughput

proteomic techniques, such as A�nity Puri�cation coupled to Mass Spectrometry

(AP-MS) [228], BioID [229], and recently developed Turbo-ID [230] enabled us to col-

lect protein-protein interaction data from public data bases including BioGRID [231]

and HIPPIE [232], as well as the newly reported interactions for BETs [196]. The

global interaction network of all human bro-modomain proteins collected from above

resources is shown in Figure 1 (4.1). This interaction network shows a highly intercon-

nected map of PPIs of bromodomain proteins grouped according to their function-
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based classi�cations. Di�erent functional classes of bromo-domain proteins cluster

together in the network, based on shared interactions, and the formation of related

functional complexes. For example, the BET family of bromodomain proteins, in-

cluding BRD2, BRD3, BRD4, and BRDT shown in blue, cluster together as they are

well known to share many common interaction partners [196,233]. Similarly, the his-

tone acetyltransferase (HAT) enzymes including the p300/CBP and the MOZ/MORF

groups cluster together in this network. Thus, functional clustering based on their PPI

networks provides a succinct way to represent the many inter-connected roles for bro-

modomain-containing proteins. Below we discuss nine di�erent functional groups of

bromodomain proteins, highlighting recent insights into bromodomain-speci�c mech-

anisms in cancer development.

4.7.1 BET Family of Bromodomain Proteins

One of the best-characterized classes of bromodomain-containing proteins is the BET

family (BRD2, BRD3, BRD4, and BRDT). The BET family of proteins have been

primarily reported to be involved with transcriptional regulation, with de�ned roles

in cellular proliferation and di�erentiation. BET proteins function to regulate tran-

scription through a variety of mechanisms involving proteinâprotein interactions with

acetylated histones, transcription factors, and chromatin remodeling factors. Each

protein within the BET family contains two tandem bromodomains at their amino-

terminus as well as a conserved extra-terminal (ET) domain at the carboxy-terminus.

The ET domain consists of approximately 80 amino acids, and this region is known

to interact with several chromatin e�ector proteins, including Jumonji Domain Con-

taining 6 (JMJD6), Chromodomain Helicase DNA binding Protein 4 (CHD4), Glioma
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Tumor Suppressor Candidate Region 1 (GLTSCR1), Nuclear Receptor Binding SET

Domain Protein 3 (NSD3), and ATPase Family AAA Domain Containing 5 (ATAD5)

[234]. In addition, BRD4 and BRDT (but not BRD2 and BRD3) possess a C-terminal

domain (CTD) that interacts with the Positive Transcription Elongation Factor b

(P-TEFb) [235]. This complex phosphorylates serine residues of the CTD of RNA

polymerase II to promote transcriptional elongation [236, 237]. BRD4 recruits P-

TEFb to hyperacetylated genomic regions, including Transcription Start Sites (TSS)

and clustered enhancers (called super-enhancers) [238,239]. BRD4 interacts with the

Mediator complex to promote target gene transcription [240,241]. The BRDT CTD

also interacts with P-TEFb, but BRDT expression is restricted to the testis where it

participates in gene expression and splicing in spermatogenesis [100,101,102].

BET bromodomains exhibit a preference for closely spaced di-acetylated Lys

residues on their histone targets. The �rst bromodomain of the tandem pair ex-

hibits a preference for acetylated lysine residues in histone H4, with a higher a�n-

ity for H4K5ac, whereas the second bromodomain binds more promiscuously to dif-

ferent acetyllysine residues [242]. The co-crystal structure of the modi�ed histone

H4K5acK8ac peptide bound to the �rst bromodomain of BRD4 revealed that H4K5ac

is recognized through the canonical mode of acetyllysine binding, which is mediated

through hydrogen bonds with the conserved Asn140 and Tyr97 residues. The adja-

cent H4K8ac forms hydrophobic interactions with Trp81 to fortify H4K5ac recogni-

tion [184].

The discovery of JQ1 as a highly speci�c and potent small-molecule inhibitor of the

BET bromodomains, with little activity toward non-BET bromodomain, rapidly stim-

ulated a global interest in drug discovery e�orts targeting this family of bromodomain-
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containing proteins [180]. Notably, pharmacological inhibition of BET bromodomains

has broadly been shown to suppress oncogenic gene expression programs, reducing the

expression of oncogenes including c-Myc across many blood and solid tumor cancer

types [243,244]. Inhibition of BRD4 results in a selective decrease in transcription at

super-enhancer associated genes as a result of the dissociation of BRD4, Mediator,

and P-TEFb. Thus, BET inhibitors have shown promising results in tumors that are

dependent on these transcriptional programs including castration-resistant prostate

cancer [245], breast cancer [246], non-small cell lung cancer, gastrointestinal cancers

including colon cancer, gliomas, and several hematological malignancies such as acute

myeloid leukemia [247], lymphoma, and multiple myeloma [248]. The development of

new BET inhibitor (BETi) compounds, which now includes potent inhibitors for in-

dividual BET proteins [249], and those targeting speci�c bromodomains (either BD1

or BD2) in the BET family [250, 251], has generated an immense amount of new

knowledge about the physiological roles of BRD2/3/4/T.

More recently, a systematic proteomic approach was used to analyze the overall

protein interactions of BET proteins. Lambert et al. carried out a�nity puri�cation

on the BET bromodomains followed by mass spectrometry (AP-MS) before and after

the addition of the pan-BET inhibitor JQ1 [196]. Quantitative analysis of 603 unique

interacting proteins de�ned three distinct sets of BET protein interactions includ-

ing those that occur through the canonical acetyllysine binding pocket to recognize

acetylated histone and non-histone proteins, as well as acetylation-independent in-

teractions via the extra-terminal domain. This study examined the human proteome

to identify di-acetyllysine motifs on histone and non-histone proteins, and further

characterized the interaction of BET bromodomains with these Kac-XX-Kac motifs
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using a combination of biophysical, structural, and cell biology approaches. Impor-

tantly, they identi�ed several new non-histone interactions, some that were increased

upon addition of JQ1, and found the ET domain provides an important protein re-

cruitment platform. They also demonstrated that BRD3 is a negative regulator of

cellular proliferation via regulation of ribosomal RNA production. This comprehen-

sive study is the �rst to clearly demonstrate how small-molecule inhibitors targeting

speci�c bromodomain containing proteins can be e�ectively used as tool compounds

to elucidate the biological functions of bromodomains as well as inhibitor action.

4.7.2 Chromatin Remodeling Factors

An additional group of bromodomain-containing proteins have central roles in chro-

matin remodeling, functioning directly in enzyme catalysis, or as regulatory subunits

in chromatin remodeling complexes. Chromatin remodeling controls the higher order

structures of DNA and regulates the accessibility of speci�c genomic elements [252].

This activity is mediated by large protein complexes that coordinate modulation of

the chromatin conformation to regulate a variety of biological processes including

transcription, recombination, DNA repair, and DNA replication. The mammalian

SWItch/Sucrose Non-Fermentable (mSWI/SNF) complexes are an important group

of ATP-dependent chromatin remodeling complexes that contain a bromodomain

module. These include SMARCA2 (which is also known as BRM for brahma ho-

mologue), SMARCA4 (BRG1, for Brahma-related gene-1), BRD7, BRD9, and Poly-

bromo 1/BRG1-Associated Factor 180 (PBRM1/BAF180) [253,254]. The mSWI/S-

NFs are grouped into three distinct complexes: The canonical ATPase BRG1/BRM-

associated factor (cBAF), the polybromo-associated BAF (PBAF), and a recently
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de�ned non-canonical BAF (ncBAF) complex [255]. Each of these complexes con-

tain an anchoring ATPase and bromodomain (SMARCA2/4), as well as additional

bromodomain-containing subunits [256]. BRD7 is a component of the polybromo-

associated BRG1-associated factor (PBAF)-speci�c SWI/SNF chromatin remodeling

complexes, while the ncBAF complex was shown to contain BRD9 [257,258].

The ability of the bromodomain to bind Kac likely contributes to numerous aspects

of mSWI/SNF function. For example, the assembly of speci�c SWI/SNF complexes

at target genomic regions is believed to be determined in part via interactions with

the SMARCA2/SMARCA4 bromodomain and acetylated chromatin [259]. Both bro-

modomains of SMARCA2/SMARCA4 have been characterized to bind preferentially

to histone H3 acetylated at lysine 14 (H3K14ac) in vitro [259, 260]. A recent study

identi�ed an AT-hook motif adjacent to the bromodomain in SMARCA2/SMARCA4

that binds to double-stranded DNA in vitro [261]. AT-hooks are arginine/lysine-

rich and contain a central glycine-arginine-proline (GRP) sequence that allows the

motif to be inserted into the minor groove of DNA at AT-rich elements [262]. A

follow up study used SELEX-seq (systematic evolution of ligands by exponential

enrichment sequencing) to identify a preferential A/T-rich DNA consensus site for

the SMARCA2/SMARCA4 bromodomain AT-hook region in vitro [263]. AT-hook

sequences can be found in several other chromatin reader proteins alongside chro-

modomains and PWWP domain-containing proteins [264]. Thus, a multivalent mode

of chromatin recognition involving histone Kac binding and DNA recognition may

be a common mode for bromodomain function. Notably, small-molecule inhibition

of the SMARCA2/4 bromodomains does not decrease their chromatin association in

cells, unless pre-treated with HDAC inhibitors [125,126,127]. Additional investiga-
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tion needs to be performed to evaluate how the AT-hook bromodomain contributes

to the SMARCA2/4 chromatin interaction in various contexts. SMARCA2/4 are

known to be regulated by post-translational modi�cation including phosphorylation

and acetylation [265, 266], which could potentially regulate chromatin interactions

through mechanisms involving DNA recognition.

SMARCA2/4 (BRM/BRG) have been widely studied; SMARCA4 is frequently

mutated in cancer and maintains oncogenic transcription and cellular proliferation in

acute myeloid leukemia (AML) [267]. However, SMARCA4 also has tumor suppressor

activities in solid tumors, similarly to SMARCA2, which is generally classi�ed as a

tumor suppressor [267]. Thus, the loss of BRM and BRG in humans results in the

dysregulation of genes associated with lung cancer development and progression, lead-

ing to an overall tumorigenic phenotype [268]. Interestingly, SMARCA4 expression is

correlated with liver hepatocellular carcinoma and kidney renal clear cell carcinoma,

while overexpression of SMARCA2 is associated with better patient outcomes [269].

Due to its long-standing connection to cancer development, and the fact that the

BRM/BRG complexes control the expression of many cancer-associated genes, there

have been several recent studies that report the use of small-molecule inhibitors to

target SMARCA2/4 bromodomains. For example, bromodomain inhibitors speci�-

cally targeting the SMARCA2 and SMARCA4 BRDs bound in the nanomolar range

and were able to prevent acetyllysine recognition [270]. An AlphaScreen-based assay

used to screen a large compound library also identi�ed a SMARCA2 BRD inhibitor

known as DCSM06, which may provide new information about the tumor suppres-

sor functions of this protein [271]. However, these inhibitors were either not speci�c

enough for SMARCA4, or they did not produce the desired anti-proliferative e�ects.
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The mammalian Imitation Switch (ISWI) ATP-dependent chromatin remodeling

complexes are comprised of an ATPase subunit (SNF2L and SNF2H) in complex with

di�erent regulatory subunits consisting of various bromodomain-containing proteins,

including BAZ1A (ACF1), BAZ1B (WSTF), BAZ2A (TIP5), BAZ2B, Bromodomain

PHD �nger Transcription Factor (BPTF), and CECR2 [272]. For example, the as-

sociation of SNF2L and BPTF makes up the nucleosome remodeling factor (NURF)

complex, which is the founding member of the ISWI family of chromatin remodel-

ers [135,136,137]. NURF plays an important role in transcriptional regulation and

functions by remodeling a higher-order chromatin structure downstream of various

signal transduction pathways (reviewed in [273]). The histone ligands for BPTF have

recently been characterized, and the bromodomain associates with acetyllysine mod-

i�cations in the histone variants H2A.Z I and H2A.Z II, preferentially binding to

H2A.Z II di-acetylated at lysine 7 and 13 [274]. Similarly, this study also demon-

strated that the bromodomain of CECR2 binds acetylated H2A.Z isoform I. These

results suggest that the distinct transcriptional programs of the NURF or CERF

(CECR2-containing remodeling factor) ISWI chromatin remodeling complexes are

mediated by the acetylation of di�erent histone variants. The fundamental outcomes

of these histone ligand recognition events require further study; however, structural

studies on the BPTF bromodomain should aid in the further development of selective

and potent BPTF bromodomain inhibitors, which will further dissect the functional-

ities of ISWI complexes in chromatin remodeling [275].

The ISWI subunit BAZ1A was recently discovered as a regulator of cellular senes-

cence [276], and the related BAZ2A subunit is also known to be overexpressed in

prostate cancer, where it may be involved in prostate cancer metastatic regula-
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tion [277]. As such, BAZ protein expression could be utilized as a prognostic marker.

Recently, a BAZ1A inhibitor called Cpd-2 was discovered with a potency of 520

nM [278]. Additionally, the inhibitor GSK2801, developed by GlaxoSmithKline, has

been shown to dually inhibit BRD9 and BAZ2A/B, and act synergistically with BET

inhibitors to induce apoptosis in triple negative breast cancer (TNBC) cells [279].

While BAZ2B has a less well-de�ned function than its paralogue BAZ2A, inhibitors

also exist that are selective for BAZ2A/B over other BRDs in this family. For exam-

ple, the BAZ-ICR inhibitor was shown to act as a selective and potent dual inhibitor

for the BAZ2A/B isoforms that can be utilized in cellular assays to further probe the

function of BAZ2 bromodomains [280].

Much less is known about SWI/SNF subunits BRD7 and BRD9 when it comes

to their roles in cancer. BRD7 has recently been found to act as a tumor suppressor

gene, and its expression is down-regulated in cancers like breast cancer, nasopharyn-

geal carcinoma, prostate cancer, and ovarian cancer [281]. BRD7 has been shown to

regulate several cellular signaling pathways by interacting directly with p53 to pre-

vent cellular proliferation, and with BRCA1 to regulate transcription of the estrogen

receptor alpha [282, 283]. On the other hand, BRD9 appears to have some onco-

genic properties as the inhibition of BRD9 induces apoptosis in TNBC and blocks

cellular proliferation in AML [224, 279]. Thus, the opposing functionalities of the

closely related BRD7 and BRD9 proteins, as well as in SMARCA2/4, highlights the

importance of understanding the roles of speci�c bromodomain-containing proteins

in cancer biology in order to e�ectively develop new therapeutic strategies.
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4.7.3 HAT Bromodomain Proteins

Another well-characterized class of bromodomain-containing proteins is the group

that either possesses intrinsic histone acetyltransferases activity or associates with

HAT complexes as transcriptional coactivators. The bromodomain is thought to an-

chor the HAT complex at acetylated chromatin, allowing it to further acetylate adja-

cent nucleosomes, or regulate the assembly of transcriptional complexes through pro-

teinâprotein interactions [284]. Therefore, the role of the bromodomain module in the

HAT complex likely enhances the histone acetylation signals through the recruitment

of HATs at pre-acetylated nucleosomes. Interestingly, the HATs GCN5 (KAT2A),

PCAF (KAT2B), CBP (KAT3A also known as CREBBP), and p300 (KAT3B or

EP300), which all contain an intrinsic bromodomain, were also found to cluster to-

gether in the PPI network (Figure 4A (4.4), shown in green). These enzymes share

many protein substrates, including histones, transcription factors, nuclear receptors,

and enzymes, playing central roles in the positive regulation of transcription [285,286].

Like BRD4, the bromodomain-containing HAT/KAT proteins are known to be

associated with enhancers; however, the role that the bromodomain plays in con-

necting each HAT with its associated cellular function(s), is not completely clear.

A recent study investigated the bromodomain-associated mechanisms regulating the

function of the p300/CBP HAT. A p300 protein lacking the bromodomain region was

used to demonstrate that the loss of this domain prevented p300 from maintaining

the basal level of histone acetylation [287]. Moreover, using the CBP bromodomain-

speci�c inhibitor GNE-049, Raisner et al. reported a reduction of H3K27ac enrich-

ment at the enhancers, without a major loss of CBP/p300 occupancy at these el-
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ements in chromatin [288]. Similarly, combination treatment of the small molecule

bromodomain inhibitor (I-CBP112) with the p300/CBP active site inhibitor (A-485)

resulted in a dramatic reduction in p300 chromatin enrichment, and impaired the

expression of androgen-dependent and pro-oncogenic genes including KLK3 (encod-

ing PSA) and MYC, compared to the individual e�ects of blocking each domain

alone [289]. CBP/p300 have been widely implicated in cancers, speci�cally hemato-

logical malignancies, due to their role in transcriptional regulation of hematopoiesis.

Disruption or depletion of p300/CBP leads to defects in normal hematopoiesis and

may aid cancer progression [290]. Due to their strong association with cancer, the

development of inhibitors targeting the CBP/p300 BRD and HATs have been at the

forefront of BRD-associated inhibitor development for the past decade [199]. Im-

portantly, one highly promising inhibitor, CCS1477, is currently undergoing clinical

trials for the treatment of hematological malignancies and advanced prostate cancer

(https://clinicaltrials.gov/ct2/show/NCT03568656, accessed on 7 July 2021).

Another group of HAT complexes known as the MYST family include Tip60,

MOZ, MORF, HBO1 (Histone acetyltransferase Binding to ORC1), and MOF (Males

absent On the First). These HATs generally contain multiple subunits in addition

to the catalytic MYST domain responsible for acetylating histone substrates [291].

BRPF1 is part of the MOZ/MORF HAT complex, which dictates the acetylation

of all four core histones, and is actively involved in chromatin remodeling [292,293].

MOZ was �rst identi�ed in chromosomal translocations associated with acute myeloid

leukemia [160,161,162,163]. BRPF1 functions to stimulate the catalytic activity of

the MOZ/MORF complex and also interacts with the inhibitor of growth 5 (ING5)

subunit in the complex [294]. The recognition of acetyllysine by the BRPF1 bro-
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modomain is thought to bridge the MOZ/MORF complexes to chromatin, promoting

further acetylation of nearby histones to increase transcription in those areas [284].

BRPF1 inhibitors have been developed that select for BRPF1 against other family

IV BRDs. The selective inhibitor IACS-9571 has dual speci�city towards the BRPF1

and TRIM24 bromodomains and may be therapeutically useful for acute myeloid

leukemia or breast cancer patients [295]. Meanwhile, the recent development of more

speci�c BRPF1 bromodomain inhibitors was shown to hinder cellular viability in a

leukemia cell line [200]. Interestingly, another inhibitor that was developed targeting

the BRFP1B isoform (OF-1) demonstrated cellular activity in the regulation of osteo-

clastogenesis, which may provide new strategies to prevent bone loss or bone-related

malignancies [296].

BRPF2 and BRPF3 are part of the HBO1 HAT complex, which primarily acety-

lates histone H4 and helps to facilitate gene transcription through the control of

chromatin dynamics [201]. BRPF2 has been shown to directly regulate the HAT ac-

tivity of the HBO complex, acting in a similar fashion as BRPF1 with regards to its

interaction with MOZ [297]. Although both BRPF2 and BRPF3 are components of

the HBO1 HAT complex, they appear to alter the functionality of this HAT. BRPF2

has been shown to be essential for the global acetylation of H3K14ac and serves to

activate transcriptional programs for erythroid development [298]. An inhibitor selec-

tive for BRPF2 and the TAF1 and TAF1L proteins, BAY-299, was shown to prevent

speci�c histone interactions, and would likely re-direct the acetylation activity of the

associated HAT complexes [202]. Meanwhile, the function of BRPF3 has been as-

sociated with the recognition of H3K14ac modi�cations enriched at DNA origins of

replication, broadly implicating BRPF3 as an essential player in regulating the ini-
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tiation of DNA replication [299]. BRPF3 overexpression causes an upregulation of

the KAT7 HAT complex, which leads to the dysregulation of embryonic development

and cell cycle progression, suggesting that it may be an important contributor to can-

cer development [300]. Taken together, the bromodomain proteins within the HAT

complexes appear to play important roles in the recognition of acetylated chromatin.

They function to �netune di�erent cellular outcomes by bridging the engagement of

speci�c HATs at the promoters of actively transcribed genes, upregulating the HAT

activity to promote acetylation of lysine residues within the histone tails, and play

an important role in maintaining cellular levels of acetylation.

4.7.4 WD Repeat Proteins

Another family of bromodomain-containing proteins is the WD-repeat (WDR or WD-

40) family. This family consists of the proteins WDR9 (WD repeat protein 9 or

BRWD1), BRWD3 (Bromodomain and WD-repeat containing protein 3), and PHIP

(pleckstrin homology domain-interacting protein). WDRs are comprised of a broad

variety of proteins that all contain a beta-propellor-shaped WD repeat domain [301].

WDRs are involved in a wide variety of cellular functions including epigenetic regu-

lation, DNA damage repair, and cell cycle regulation [302]. WDRs can also act as

versatile protein sca�olds and some are considered promiscuous interactors [303]. A

subgroup of the WD-repeat family was found to be among the top 10 ranked pro-

teinâprotein interactors, and are one of the most abundant domains in the human

proteome [303]. In the last few years, WDRs have emerged as promising drug targets

due to their broad network of proteinâprotein interactors, and their implications in

the epigenetic basis of cancer [304]. The WD-repeat proteins BRWD1, BRWD3, and
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PHIP also contain a bromodomain.

BRWD1 has several functions in regulating the immune system. BRWD1 is re-

cruited to the immunoglobulin kappa (IgK) locus via epigenetic signals where it en-

hances RAG recruitment to help facilitate B cell recombination [305]. By controlling

enhancer accessibility, BRWD1 has also been shown to regulate over 7000 genes to

facilitate B cell di�erentiation and cell growth [306]. While the function of BRWD3

in relation to cancer development is unknown at this time, BRWD3 was shown to be

up-regulated in breast cancer patientâs plasma and has potential for use as a sero-

logical biomarker [307]. Another WDR family member, PHIP, has been shown to

promote the growth of breast cancer, lung cancer, and melanoma tumor cells [308].

PHIP suppression can signi�cantly inhibit tumor cell invasion and progression. PHIP

downregulation coincided with the suppression of AKT phosphorylation, cyclin D1

expression, and talin1 expression in all types of tumors. The bromodomain of PHIP

binds to the histone H4K91ac epigenetic mark providing a functional role for PHIPâs

bromodomain and presented it as a drug target with therapeutic potential against

these tough-to-treat tumor types that lack speci�c molecular drivers [308]. Addition-

ally, the increased expression of PHIP was correlated with a marked decrease in the

overall survival rate in HER2+ breast cancer tumors [309]. A recent review highlights

the potential drugability of WDR family proteins and their potential use as oncolog-

ical targets [304]. The WDR family of bromodomains is an understudied group with

potential implications in a variety of diseases and developmental disorders. Thus,

they display promise as potential therapeutic targets by modulating either the WDR

or bromodomain interactions.
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4.7.5 AAA-ATPase Bromodomain Proteins

The AAA-ATPase bromodomain proteins ATAD2 (ANCCA) and ATAD2B are highly

related paralogs that contain two AAA-ATPase domains (ATPase associated with

diverse cellular activities), and a C-terminal bromodomain. The ATPase domain has

been shown to be important for the assembly of oligomeric complexes [310], while the

bromodomain is known to recognize acetylated histones [311,312]. ATAD2 interacts

with the MYC oncogene and stimulates transcriptional mediated cell proliferation.

Therefore, it has the potential to contribute to more aggressive cancers through MYC-

dependent proliferation [313]. ATAD2 was also shown to be a co-activator of the

estrogen and androgen receptors [314,315]. In cell proliferation, ATAD2 initiates and

sustains a transcriptional positive feedback loop up-regulating itself and target genes

[316]. ATAD2 is overexpressed in multiple types of cancer including breast, lung,

gastric, endometrial, colorectal, renal, and prostate [51,52,53,63,64,185,188,189,190],

and overexpression of ATAD2 is often correlated with poor patient outcomes, and can

be used as prognostic marker [51,52,53]. In addition to its role as a driver of cellular

proliferation, ATAD2 function has also been linked to DNA repair and a higher-

order chromatin structure [188]. Koo et al. demonstrated that ATAD2 expression

is linked to the S-phase and is localized at sites of DNA replication. Furthermore,

ATAD2 was associated with newly synthesized histone H4K5acK12ac modi�cations

that occur immediately following replication [188]. This �nding supports previous

research showing the bromodomain of ATAD2 functions to recognize H4K5ac and

H4K12ac modi�cations [311,312]. Interestingly, the presence or absence of a disul�de

bridge located at the bottom of the bromodomain binding pocket in�uences ligand
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recognition of ATAD2, thus acetyllysine binding could be tied to the redox status of

the cell [317]. In addition, it appears that the ATPase domain plays an important

role in chromatin recruitment, as the bromodomain alone was not su�cient. As such,

ATAD2 likely utilizes multivalent interactions with the ATPase and bromodomains to

facilitate interactions with the nucleosome that regulate the formation of higher-order

chromatin structures [188].

Since ATAD2 overexpression is correlated with cancer development, several in-

hibitors have been developed to target the ATAD2 bromodomain. GlaxoSmithKline

used a fragment-based approach to develop initial inhibitors for the ATAD2 bromod-

omain, which were later optimized using structural information into highly potent and

selective inhibitors [318,319]. Further development of these compounds produced cell

permeable inhibitors, but unfortunately, GSK8814 showed only weak in vivo antipro-

liferative e�ects [320]. The novel ATAD2 bromodomain inhibitor AM879 was e�ective

in preventing cell proliferation, and induced apoptosis in TNBC cells. Additionally,

it also suppressed c-Myc expression leading to the conclusion that ATAD2 plays a

role in the expression of c-Myc [321].

ATAD2B is a lesser studied, but highly conserved, paralogue of ATAD2. Recently,

the ATAD2B bromodomain was shown to recognize both mono- and di-acylated hi-

stone tails with low micromolar a�nity, speci�cally on histones H2A and H4 [187].

Similar to ATAD2, the ATAD2B bromodomain preferentially recognizes H4K5ac and

the di-acetylated H4K5acK12ac ligands. However, the ATAD2B bromodomain has a

broader histone binding speci�city, binding to 39 di�erent post-translationally modi-

�ed histone ligands, while the ATAD2 bromodomain selected for 11. In addition, the

ATAD2B bromodomain binding activity is uniquely regulated through an alternative
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splice site not found in ATAD2 [187]. Despite these di�erences, the ATAD2 and

ATAD2B bromodomain binding pockets share extensive structural overlap. Thus,

it is not surprising that the ATAD2 inhibitor Compound 38 developed by Glaxo-

SmithKline [319] was found to bind the ATAD2B bromodomain using a conserved

set of residues as in ATAD2. These data suggest that many ATAD2 inhibitors are

likely interchangeable in selecting for both ATAD2 and ATAD2B [187]. However, an

isoform-selective inhibitor targeting only the ATAD2 bromodomain was successfully

developed by Bayer [322]. BAY-850 impairs ATAD2 from associating with chromatin

through the impairment of the bromodomain by inducing bromodomain dimerization.

The development of novel inhibitors selectively targeting the ATAD2 and ATAD2B

bromodomains has been essential in identifying new functions for these proteins, and

their contributions to cancer development. It is likely that new therapeutic strategies

will emerge as we learn more about the epigenetic signaling programs regulating their

cellular activities.

4.7.6 HMT Enzymes

Bromodomain-containing proteins have an intimate interaction with a variety of epi-

genetic marks on chromatin. Methylation is the most prevalent epigenetic modi�-

cation present in the human genome. Two of the human histone methyltransferases

(HMT) also contain a bromodomain, namely ASH1L (absent, small, or homeotic-

like protein) and MLL. While the function of the bromodomain within these two

HMTs is not well understood, MLL has been studied extensively since chromosomal

translocations of the MLL gene are well known to be associated with leukemia devel-

opment [323,324]. The MLL gene codes for a histone methyltransferase enzyme that
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writes H3K4me3, and acts as a transcriptional co-activator, upregulating gene expres-

sion. One of the main functions of MLL is an epigenetic regulator important for the

maintenance of Homeobox (Hox) gene expression levels, which direct body segment

development [325]. MLL assembles into a large multiprotein complex that acts as a

transcriptional activator, and forms a core complex with three additional structural

proteins; Retinoblastoma-Binding Protein 5 (RbBP5), ASH2L, and WDR5, which

regulate its methyltransferase activity [326]. The transcriptional activation domain

of MLL was also shown to interact with the CREB binding protein (CBP) complex,

which also functions as a transcriptional activator through its HAT activity [327].

MLL contains four PHD �ngers and an atypical bromodomain module that lacks the

conserved asparagine usually involved in acetyllysine coordination. It was shown that

instead of recognizing acetyllysine, the bromodomain of MLL enhances the interac-

tion of the adjacent PHD3 domain with H3K4me3 [328]. Chromosomal translocations

between the MLL and CBP genes result in a fusion protein that has lost the MLL

SET (Su(var), E(z), and Trithorax) domain, and gained HAT activity along with a

bromodomain region [329]. It is thought that the aberrant acetylation activity of

this complex is a driver of leukemogenesis. More recently, MLL fusion proteins were

shown to interact with the BET bromodomain proteins through their interaction with

the super elongation complex. As such, small-molecule inhibitors targeting the BET

family may be a potential therapeutic approach for these aggressive leukemias [330].

However, another study using BET inhibitors to target leukemias induced by an

MLL-AF9 fusion protein found that resistance emerges due to increased expression of

Wnt/beta-catenin, presenting possible limitations regarding the use of BET inhibitors

to treat MLL-associated leukemias [331].
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The ASH1L protein is another bromodomain-containing protein that functions as

a HMT. A study looking at the mRNA levels of bromodomain-containing proteins

in breast cancer showed that high levels of ASH1L are correlated with poor overall

survival rates, but little is known about the functional role the bromodomain [309].

Moreover, there appears to be some functional overlap between ASH1L and MLL in

leukemia pathogenesis. Zhu et al. showed that ASH1L writes histone H3K36me2, an

epigenetic mark associated with increased transcriptional activity. This modi�cation

is bound by the LEDGF protein, which promotes association of the MLL complex

with leukemia target genes [332]. Thus, both of these two bromodomain-containing

methyltransferases appear to contribute to leukemia development, and ASH1L may

provide a new avenue for targeted treatment strategies.

4.7.7 TRIM Family of Bromodomain Proteins

Tripartite motif (TRIM) proteins belong to a large E3 ligase family of proteins that

function in diverse cellular processes including apoptosis, cell cycle, cell proliferation,

oncogenesis, and viral responses [333, 334]. TRIM proteins are characterized by the

presence of a conserved N-terminal tripartite motif that consists of a RING (Really

Interesting New Gene) domain, B-box zinc �ngers, and a coiled-coil region [333].

A group of four TRIM proteins, including TRIM24 (TIF1Î¡), TRIM28 (TIF1Î� or

KAP1), TRIM33 (TIF1Îª), and TRIM66 (TIF1Î�), make up the transcriptional in-

termediary factor (TIF1) family proteins because they also contain a C-terminal PHD

�nger and a bromodomain in tandem [335, 336]. Interestingly, the RING domain of

TRIM24, TRIM28, and TRIM33 does not appear to confer E3 ligase activity as the

isolated domains were unable to ubiquitinylate free lysines of the target proteins to
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tag them for degradation [337]. However, these proteins have been shown to func-

tion as E3 ligases in cellular assays, which is likely attributed to their association

with other proteins to confer this activity [338]. Notably, TRIM66 lacks the RING

domain, but does contain the B-box, coiled-coil region, and the PHD-bromodomain.

The TIF1 family proteins are important regulators of many cellular processes includ-

ing heterochromatin formation, DNA repair, and genomic integrity.

TRIM24 was �rst linked to cancer development through its role as an impor-

tant regulator of p53 [339]. TRIM24 was shown to be a binding partner of p53

through mass spectrometry and co-immunoprecipitation experiments. The inhibition

of TRIM24 by RNAi resulted in increased levels of p53 in the nucleus of embryonic

stem cells. TRIM24 is known to be highly overexpressed in several cancers including

non-small cell lung cancer [340], breast cancer [341], cervical cancer [203], hepatocel-

lular carcinoma [342], as well as prostate [343] and gastric cancers [344]. TRIM24

was shown to target p53 for ubiquitination and subsequent degradation via its RING

domain [339]. Thus, overexpression of TRIM24 in cancer is thought to negatively reg-

ulate p53, resulting in a loss of its tumor suppressor activity. The PHD-Bromodomain

module of TRIM24 has been shown to function as a chromatin reader domain respon-

sible for the recognition of histone H3 that was unmodi�ed, methylated at lysine 9

(H3K9me), or acetylated at lysine 9 and 14 (H3K9ac/K14ac) [339]. Furthermore,

the recognition of these modi�cations link TRIM24 binding to estrogen response ele-

ments, where it activates the transcription of the estrogen receptor alpha (ERÎ¡) and

downstream genes, contributing to cancer development [339]. Bromodomain-speci�c

inhibitors were developed for TRIM24 as a potential cancer treatment [295]; how-

ever, targeting the bromodomain alone does not always prevent chromatin binding
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or cellular proliferation [345].

TRIM28 was discovered as a co-repressor of the Kruppel-associated box (KRAB)

domain, which functions as a repressive DNA binding domain found in many tran-

scription factors [346]. TRIM28 works synergistically by binding to the KRAB repres-

sion domain through its B box and coiled-coil region to repress transcription [347].

Both TRIM24 and TRIM28 have been shown to interact with the heterochromatin

protein 1 (HP1) family through an HP1 box, and they possess intrinsic kinase ac-

tivity, phosphorylating themselves and HP1 proteins [348]. It has been proposed

that one mechanism driving gene repression by TRIM28 occurs through the recruit-

ment of TRIM28 to speci�c chromatin loci through its interaction with a KRAB

domain-containing proteins bound to DNA, followed by binding to HP1 proteins to

facilitate heterochromatin formation. As with other TIF1 family proteins, TRIM28

functions as an E3 ubiquitin ligase, and in 2020, Wantanabee et al. developed a new

E3 ligase substrate-trapping strategy in order to identify new ubiquitin substrates.

They found that TRIM28 was associated with âKr€¹ppel-associated boxâ proteins

as expected, but also regulated cyclin A2 and transcription factor II beta (TFIIB)

by mediating their degradation via ubiquitination [349]. Interestingly, the PHD �n-

ger and bromodomain region of TRIM28 do not appear to contribute to chromatin

recognition. Instead, the PHD �nger of TRIM28 was found to function as an E3

ligase that SUMOylates the adjacent bromodomain [350]. Furthermore, SUMOy-

lation of the bromodomain is necessary for KRAB-mediated gene repression, and

functions to recruit the SET Domain Bifurcated Histone Lysine Methyltransferase

1 (SETDB1) and the chromodomain helicase DNA-binding protein 3 (CHD3) sub-

unit of the NuRD histone deacetylase complex to silence transcription [350]. Thus,
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TRIM28 activity contributes to the development of several cancers. For example,

TRIM28 is overexpressed in glioma [351], cervical cancer [352], lung cancer [353],

hepatocellular carcinoma [354], and breast cancer [229]. Overexpression of TRIM28

is often associated with a more aggressive disease and poor patient outcomes, but it

is unclear if bromodomain inhibition would be an e�ective therapeutic strategy since

it does not appear to function as a canonical chromatin reader domain.

TRIM33 was �rst identi�ed as a potential regulator of embryonic development

[355] and hematopoiesis [356]. More recently, TRIM33 was found to function as

the main monoubiquitin ligase of Smad4 (Mothers Against Decapentaplegic homolog

4), which is essential for the cellular signaling activity of the transforming growth

factor beta (TGFÎ�) [357]. This �nding indicates TRIM33 functions to antagonize

the Smad/TGFÎ� signaling pathways that control cellular developmental processes

and homeostasis. The inactivation of TRIM33 has been found to contribute to the

development of a variety of cancers. For example, the expression of TRIM33 is down-

regulated in Pancreatic Ductal AdenoCarcinoma (PDAC), and it was shown that the

inactivation of TRIM33 contributes to the development of cystic pancreatic tumors

through the activation of Kras [358]. TRIM33 activity has also been linked to breast

cancer and leukemia progression [359,360]. The C-terminal PHD �nger-Bromodomain

module of TRIM33 has been shown to function as a multivalent chromatin reader.

The PHD �nger preferentially recognizes the unmodi�ed histone H3, while the bro-

modomain binds to the histone H3 with di-acetylation modi�cations, particularly

H3K18acK23ac [361]. In addition, methylation of histone H3 at the R2 or K4 posi-

tions inhibited the interaction of the TRIM33 PHD-Bromo with histone ligands [361].

Importantly, the recognition of acetylated histones activates the E3 ligase activity,
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and the PHD-Bromodomain region, in addition to the RING domain, is essential for

TRIM33 to ubiquitinate Smad4 [361]. A more recent study also showed that the PHD-

Bromo cassette forms a single functional unit that preferentially recognizes histone

H3 that is tri-methylated at K9, and contains multiple downstream lysine acetylation

modi�cations (e.g., H3K9me3K14acK18acK23ac) [362]. Since TRIM33 also recruits

Smad2/3 recognition of PTM chromatin, it is thought to poise the TRIM33/Smad

complexes at active response elements to stimulate cellular di�erentiation through

TGFÎ� signaling pathways. These strong connections to cancer-promoting pathways

suggest that the TRIM proteins would be excellent candidates for therapeutic tar-

geting, and more research is needed to develop e�ective inhibitors for this protein

class.

Lastly, the TRIM bromodomain proteins have well-characterized roles in the DNA

damage response (DDR) [237,238,239] (also recently reviewed in McAvera et al.,

2020 [363]). The DDR is carried out by a network of factors that sense DNA dam-

age and rapidly signal the recruitment of chromatin remodeling and DNA repair

machinery to sites of DNA damage. A prior study used laser micro-irradiation to

create localized DNA damage in cells, and systematically evaluated the recruitment

of 32 GFP-tagged bromodomains to sites of DNA damage using �uorescence mi-

croscopy [364]. They showed that a group of 12 bromodomain proteins including the

TRIM bromodomains, TRIM24, TRIM28, and TRIM33, localize to sites of damage.

Histone acetylation plays a central role in recruitment of the DDR machinery [365].

For example, it was observed that the levels of H3K9ac and H3K56ac decrease fol-

lowing DNA damage, and these levels are later restored after DNA repair [366]. The

rapid reduction in H3K56 acetylation levels occurs through the recruitment of histone
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deacetylase enzymes (HDAC1/2) to sites of double-stranded DNA breaks [367]. Sev-

eral studies have since shown that histone H4K56ac marks are an important signal at

cell cycle check points, and function as a regulator of genomic stability [368,369]. A

speci�c mechanism for the role of H3K56ac in DDR was recently elucidated in embry-

onic stem cells where TRIM66 was shown to recognize this modi�cation [336]. The

binding of TRIM66 to unmodi�ed H3R2-H3K4 in combination with H3K56ac resulted

in the subsequent recruitment of the histone deacetylase SIRT6 to lower the acety-

lation levels and initiate DDR [336]. Thus, this bromodomain-dependent mechanism

facilitates the assembly of DNA repair proteins, and highlights how chromatin reader

proteins can contribute to the maintenance of genomic integrity. The link between

TRIM proteins and the DDR may also provide an opportunity to utilize combination

therapies targeting dual pathways that contribute to cancer development.

4.7.8 Speckled Protein Family of Bromodomain

Proteins

The speckled protein (SP) family of bromodomain proteins includes SP100, SP110,

SP140, and the SP140-like protein (SP140L) [370]. The SP proteins have an N-

terminal caspase activation and recruitment domain (CARD), which is typically in-

volved in oligomerization, and is found in a wide variety of proteins that often con-

tribute to apoptosis, the in�ammatory response, or immunogenic signaling [371]. In

SP proteins, the CARD domain is speculated to be involved in homodimerization,

but its role is poorly characterized in terms of its function in immune cells [370]. The

SP family proteins also contain several functional domains that implicate them as
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chromatin readers. The SAND domain (named according to proteins that have it:

SP100, Aire, NucP41/P75, and DEAF) has been shown to bind to DNA and mediate

proteinâprotein interactions [372,373]. The C-terminal PHD �nger and bromodomain

function in histone recognition.

Speckled 100 kDa (SP100) is a nuclear protein that was discovered in association

with promyelocytic leukemia nuclear bodies (PML-NBs) in patients with primary bil-

iary cirrhosis [370,374]. SP100 is alternatively spliced into 11 di�erent isoforms, and

it is also modi�ed via several post-translational modi�cations including acetylation,

phosphorylation, and ubiquitination [375]. These modi�cations likely contribute to

regulating the cellular functions of SP100. PML bodies are membrane-less nuclear

structures that are often associated with stressed cellular states, including viral infec-

tion, oxidative stress, and DNA-damage [376, 377]. The PHD-Bromodomain region

has been shown to recognize histone H3 that is unmethylated at K4 (H3K4me0), while

the bromodomain plays a structural role in stabilizing the PHD fold, rather than rec-

ognizing acetylated lysine [378]. Although SP100 was shown to preferentially bind

unmodi�ed histone H3, its binding was permissive of other adjacent modi�cations

including phosphorylation of Thr3 (H3T3ph), tri-methylation of K9 (H3K9me3), and

phosphorylation of S10 (H3S10ph) [378]. These results indicate that histone recogni-

tion by the PHD-bromodomain, in addition to DNA binding by the SAND domain,

may be an important mechanism for targeting the SP100 protein to speci�c chromatin

regions to regulate transcription.

Similar to SP100, the SP140 and SP140L proteins are autoantigens in primary

biliary cirrhosis, and SP140 is active in chronic lymphocytic leukemia [370]. The

PHD-bromodomain cassette found in SP140 preferentially recognizes unmodi�ed his-
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tone H3K4me0; however, its binding was disrupted in the presence of methylation at

either H3K4 or H3K9 [378]. Interestingly, the SP140 protein appears to be regulated

via SUMOylation, and the PHD-Bromodomain is a SUMOylation target of SUMO-1,

with the PHD �nger facilitating binding of the Ubc9 E2 ligase and SUMO-1 to stim-

ulate SUMOylation of the adjacent bromodomain [204]. The SP family of proteins is

involved in several aspects of the innate cellular immunity pathways [370]. Although

inhibitors are not currently available for this class of bromodomain-containing pro-

teins, there may be an opportunity to target them for immunosuppressive applications

in the future.

4.7.9 Zinc Finger MYND Bromodomain Proteins

Two bromodomain-containing proteins within the family VII also possess a unique

zinc �ngerâthe MYND (Myeloid, Nevery, and DEAF1) motif. ZMYND8 (also known

as RACK7) was �rst identi�ed as a receptor of protein C kinase, and ZMYND11

(alternatively BS69) was originally recognized as a suppressor of human adenovirus

E1A activated genes [379,380]. Both proteins share structural architecture consisting

of an N-terminal PHD-BRD-PWWP arrangement followed by a C-terminal MYND

domain [381,382].

ZMYND8 has since been shown to play a role in many cellular functions in-

cluding the DNA damage response, [364] where it promotes homologous recombina-

tion and DNA repair. The PHD-BRD-PWWP triple reader domain is important

for the recruitment of ZMYND8 to speci�c cellular locations, and for interactions

with transcriptional complexes such as the NuRD complex, and the co-repressor of

the RE1-silencing transcription factor complex (Co-REST) [383]. The PHD �nger
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associates with histone H3 that is unmodi�ed, and coordination of the N-terminus

of histone H3 is particularly important for driving the binding interaction. Histone

H3K14ac is a preferred ligand of the tri-valent PHD-BRD-PWWP module, as is the

histone H3K36me2/3, and the histone H4K12ac modi�cations [381, 383]. The bro-

modomain was found to be responsible for the coordination of histone H4, while the

PWWP domain recognizes histone H3K36me3 as well as DNA [383]. Both histone

and DNA interactions were necessary for the recruitment of ZMYND8 to sites of

DNA damage [383]. Furthermore, the recognition of chromatin modi�cations is tied

to cancer development. ZMYND8 typically functions as a tumor suppressor, and

binding to the H3K4me1-H4K14ac modi�cations has been found to inhibit the ex-

pression of genes associated with cancer metastasis [228]. ZMYND8 activity has also

been shown to be protective in triple negative breast cancer [384] and nasopharyngeal

carcinoma [384]. In addition, the activation of ZMYND8 expression through the all-

trans-retinoic acid (ATRA) has been shown to inhibit cancer cell proliferation [385].

ZMYND8 promotes genes associated with terminal di�erentiation in opposition to

the maintenance of cancer stem cells [386]. This stemness characteristic of cancer

cells is associated with the development of resistance to chemotherapies and relapse.

Overexpression of ZMYND8 was shown to re-sensitize cells to chemotherapy via the

recruitment of the EZH2 methyltransferase and lysine demethylase KDM5C core-

pressors to the promoters of tumor oncogenes. This resulted in an altered chromatin

state, enriched in the repressive transcription mark H3K27me3 [386]. However, recent

reports have indicated that ZMYND8 may also play an oncogenic role. For example,

the hypoxia inducible factors 1 and 2 (HIF-1 and HIF-2) were induced by ZMYND8

in human breast tumors, and this was correlated with poor patient outcomes [233].
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This oncogenic activity appears to be controlled via a switch between the gene re-

pressor to gene activator functions of EZH2, that is, regulated by phosphorylation of

EZH2 [387]. Thus, ZMYND8 may prove to be an attractive therapeutic target in a

subset of cancer patients [388].

ZMYND11 appears to act as a negative regulator of transcription, similarly to

ZMYND8. However, ZMYND11 is a signi�cant contributor to cancer development.

For example, copy number variations of ZMYND11 were found in clinical samples

of patients with several types of hematological malignancies [389], and it is fused to

the malignant brain tumor domain containing 1 (MBTD1) protein via a chromoso-

mal translocation associated with acute myeloid leukemia [205,206]. ZMYND11 has

been shown to speci�cally bind H3.3K36me3, and its histone-binding activity is sen-

sitive to changes in amino acid substitutions in the histone tail as well as adjacent

PTMs [207]. Histone H3.3 contains a serine at position 31, and the replacement of

this residue with an alanine in histone H3.1 and H3.2, or phosphorylation of serine 31

in histone H3.3, signi�cantly weakened the bind binding interaction [207]. This is due

to speci�c binding contact formed by the dual Bromo-PWWP domain that creates a

critical hydrogen bond contact with S31 in histone H3.3 [207]. Furthermore, knock-

down of ZMYND11 resulted in upregulation of c-Myc, promoting transcription and

cellular proliferation [207]. Interestingly, mutations in histone H3.3 are oncogenic

and are associated with pediatric brain cancers [208]. The histone H3K36M and

H3G34R/V mutations result in decreased binding of ZMYND11 to histone H3.3 due

to a lack of tri-methylation at lysine 36. In addition, the loss of the H3K36 methyl-

transferase SETD2 in several cancers also results in impaired chromatin interactions

by ZMYND11 [209]. These interactions highlight the crucial role of ZMYND11 as an
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important tumor suppressor and demonstrate how the interplay in epigenetic modi-

�cations contribute to cancer development.

4.7.10 Emerging Strategies to Target Bromod-

omain Proteins

The discovery of JQ1 and I-BET as potent and selective inhibitors for the BET family

of bromodomains shifted the paradigm for the chromatin reader �eld. Prior to the

development of JQ1, it was thought that bromodomain inhibitors would have broad

activity towards all human bromodomain-containing proteins, resulting in extensive

o�-target e�ects. Instead, JQ1 was shown to selectively target the bromodomains of

BRD4, BRD3, and BRD2 with nanomolar binding a�nities, while also having very

little activity towards non-BET bromodomains [180]. Furthermore, the use of JQ1

in a mouse model of nuclear protein in testis (NUT) midline carcinoma, which re-

sults from a chromosomal fusion of BRD4 with NUT, resulted in improved survival

and tumor regression [180]. Similarly, I-BET was shown to preferentially bind to the

bromodomain of BRD4, followed by BRD3, and BRD2, and disrupted their interac-

tion with tetra-acetylated histone H4 ligands. These early studies stimulated a broad

interest in understanding the structure and functions of bromodomains, and current

advances include the characterization of the structures and histone ligand binding

activities for nearly all of the human bromodomains [184]. Several investigations into

the mechanism of action for BET bromodomain inhibitors have provided new insights

into the protein interaction networks of these proteins with both histone and non-

histone proteins [196]. For example, BRD3 was shown to be a binding partner of the
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GATA1 transcription factor via recognition of speci�c acetyllysine modi�cations, and

the addition of a BRD inhibitor disrupted this interaction [197]. Importantly, BET

bromodomain inhibition was identi�ed as a therapeutic strategy in multiple myeloma,

working to inhibit the transcription of the c-Myc oncoprotein, which resulted in cellu-

lar senescence and halted proliferation of leukemia cells [210]. BET inhibition has also

been used to study the role of these bromodomains in HIV infection, leukemogenesis,

and spermatogenesis [275,276,277]. Numerous BET inhibitors have been evaluated,

or are currently undergoing evaluation, in clinical trials. Importantly, while JQ1 is an

essential tool compound for studying BET bromodomain function(s), it has been ex-

tensively modi�ed for use in the clinic. JQ1 derivatives, such as OTX015 (Birabriseb),

have demonstrated greater therapeutic e�cacy. Successful targeting of the BET bro-

modomain family spurred a global interest in the development of additional bromod-

omain inhibitors targeting both BET and non-BET bromodomain proteins. While

the inhibition of BET bromodomains for cancer therapy has remained a highly active

area of research, there are now chemical probes available to speci�cally target individ-

ual bromodomain-containing proteins from all eight bromodomain subfamilies [214].

Table 1 provides a current summary of promising BETi and non-BET inhibitors that

show potential in the clinical setting.

Understanding the biological relevance, structural uniqueness, and clinical appli-

cations of BRD inhibition are important steps in the development of BRD inhibitors

as cancer therapeutics. Although the downregulation of MYC transcription has been

widely proposed as a key mechanism for BET inhibitor anti-tumor activity [210], addi-

tional mechanisms for BET inhibitor e�cacy against cancer have also been reported.

For example, it has been demonstrated in models of B-cell lymphoma that BET in-
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hibition modulates the expression of pro- and anti-apoptotic BCL-2 family members

to induce apoptosis through intrinsic mitochondrial apoptotic pathways [390, 391].

The e�cacy of BET inhibitors as anti-cancer agents has been evaluated in preclinical

studies for multiple cancer types, with drugs presently at di�erent stages of clini-

cal trials (Table 1). However, as with most targeted cancer therapies, resistance to

inhibitors limits their e�ectiveness in patients. A variety of mechanisms underlying

resistance to BET inhibitors have been reported for di�erent tumor types. BET in-

hibitor resistance has been widely reported to occur through the reactivation of MYC

expression. For example, in a study on the development BET inhibitor resistance in

acute myeloid leukemia, Fong C et al. discovered that stimulation of the Wnt/beta-

catenin pathway resulted in increased binding of beta-catenin at MYC regulatory sites

where BRD4 was displaced from the chromatin. This appears to prime a subset of the

leukemia stem cells for transcriptional plasticity allowing them to upregulate MYC

and take over as the dominant cell type harboring BET inhibitor resistance [331].

In triple-negative breast cancer, resistance to JQ1 treatment emerged through al-

tered epigenetic signaling of BRD4. In the resistant cells, higher levels of phospho-

rylated BRD4 were detected, and this led to increased binding interactions of BRD4

with MED1, resulting in decreased responsiveness to bromodomain inhibition [216].

Another study found that the voltage-dependent anion channel 1 (VDAC1) is also

linked to the development of resistance to JQ1 in breast cancer [392]. More recently,

a comprehensive study by Shu et al. carried out a genome-wide CRISPR screen to

identify genes that contribute to the development of resistance after JQ1 treatment

in triple-negative breast cancer cell lines. Importantly, they discovered additional

therapeutic agents that are synergistic with JQ1 in inhibiting tumor cell growth.
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These included DNA-damaging agents (doxorubicin) and microtubule inhibitors (Pa-

clitaxel/Vincristine). They found that Palbociclib had the most signi�cant e�ect

and worked by enhancing CDK4 inhibition-mediated G1 arrest and by destabilizing

BRD2/4 via proteasomal degradation [393]. Several other studies have also found

the cellular e�ects of bromodomain inhibition in cancer treatment to be enhanced

by combination therapy. Due to their ability to intrinsic apoptosis signaling, recent

reports demonstrate synergistic activity of BET inhibitors and the small-molecule

BCL-2 inhibitor ABT199/venetoclax in killing MYC-driven B-cell lymphoma cells

[306,309,310]. For example, the combined inhibition of both BET bromodomains and

HDAC enzymes improved the e�cacy of either drug class alone [394,395]. This led to

the prediction that using bromodomain inhibitors in addition to the standard ther-

apy may reduce the development of resistance in some cancers [396]. Combinations of

epigenetic therapeutics have also proven successful in the treatment of acute myeloid

leukemia [397], multiple myeloma [398], pancreatic cancer [399], ovarian cancer [400],

and in breast cancer [401]. One mechanism for this synergy has been outlined through

the dual inhibition of BET bromodomains in combination with poly[adenosine diphos-

phate (ADP)-ribose] polymerase inhibitors (PARPi). The addition of a bromodomain

inhibitor blocks the homologous recombination (HR) DNA repair pathway in addition

to the base excision repair pathway, sensitizing HR pro�cient cancers [402].

Another therapeutic strategy that has shown great promise to improve BRD

inhibitor e�cacy is the targeted degradation of bromodomain-containing proteins.

Proteolysis-targeting chimeras (PROTACs) were �rst developed in 2001 by Sakamoto

et al., in order to direct disease causing proteins for ubiquitin-dependent degradation

by the proteosome [403]. The key feature of the chimeric molecule is the linker, which
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contains a BRD ligand mimic/small molecule on one end, and an E3 ligase recogni-

tion domain on the other. Thus, thalidomide derivatives will bring the bromodomain-

containing protein of interest to the Cereblon E3 ligase, while a short peptide sequence

from Hypoxia-inducible factor 1 (HIF1) will recruit the VHL E3 ligase. This has been

done successfully with BRD4, BRD9, TRIM24, and PCAF/GCN5 [288,296,321,322].

A BRD9 speci�c degrader was developed as a tool compound to study the function of

this bromodomain-containing protein [404], and it was demonstrated that degrada-

tion of BRD9 triggered downregulation of oncogenic programs that contribute to the

development of synovial sarcoma/soft tissue tumors [225]. A similar approach was

used with TRIM24, where the protein is targeted for selective degradation by chemi-

cally conjugating the small-molecule inhibitor IACS-9571 to the Von HippelâLindau

(VHL) E3 ubiquitin ligase [405]. Degradation of the entire TRIM24 protein was

shown to have a more immediate and longer-lasting impact on cellular proliferation

than BRD inhibition alone, particularly in leukemia cell lines [405].

The advantage of using PROTACs to degrade bromodomain-containing proteins

is that these proteins are often targeted to the chromatin via multiple domains. The

result is that some BRD inhibitors are not as e�ective as expected [244]. For ex-

ample, BRD inhibitors developed for SMARCA2/4 did not produce the expected

anti-proliferative e�ects [270,271]. Thus, degraders to disrupt the formation of active

SMARCA2/4 ATPase complexes were designed as an alternative treatment strategy.

This resulted in signi�cantly reduced protein levels and increased apoptosis, suggest-

ing that targeted degradation of these complexes may be an attractive therapeutic

strategy [406]. Furthermore, PROTACs have proven to act like a catalyst, work-

ing many times in a row to degrade multiple proteins. Their e�ect is rapid even
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at low concentrations, and the duration of activity is sustained over time since the

cell must re-synthesize the protein of interest [407]. PROTACS taking advantage of

BET inhibitors such as JQ1 and OTX015 (Birabriseb) have been evaluated in var-

ious cellular models of cancer including prostate cancer, lymphoma, and leukemia

[287,288,324]. Importantly, since bromodomain inhibitors have been shown to in-

crease the stability of BRD4, degradation has proven to be an e�ective method to

overcome resistance [393].

4.8 Conclusions

Currently, cancer therapy includes a mixture of surgical, radiation, and drug thera-

pies [408]. Recent epigenomic pro�ling studies using various breast cancer cell mod-

els have revealed the distinctive super enhancer landscapes of breast cancer sub-

types [409, 410]. Cell typeâspeci�c enhancers can become deregulated to allow the

downstream activation of genes that promote tumorigenesis and metastasis [411].

Functional genomic and transcriptomic pro�ling has revealed the di�erential expres-

sion patterns of bromodomain genes across many cancer types. Overall, bromodomain

proteins are largely dysregulated in their expression across tumor versus normal tis-

sues for most cancers. Speci�c bromodomain proteins are now correlated with aggres-

sive cancers and can be used as biomarkers for cancer progression. Bromodomain-

containing proteins remain an exciting drug target, and structure and functional

studies on BET and non-BET proteins have made signi�cant advances in moving

this �eld forward. Over the past decade, the development of selective bromodomain

inhibitors for use alone, in combination therapy, or as a catalyst for targeted protein
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degradation, have provided additional insights into bromodomain protein function in

normal cellular processes and in disease progression. Furthermore, analysis of the

proteinâprotein interaction networks of bromodomain-containing proteins has high-

lighted the cellular signaling pathways they are involved in, which provides novel

insights on how multiple pathways can be targeted in cancer. The highly diverse

activities of BRD proteins, and the distinct ways in which they interact with chro-

matin and other proteins to regulate cellular activities, emphasize the need for highly

selective inhibitors targeting the BRD binding pocket, and adjacent functional do-

mains, to act as e�ective therapeutic agents. Indeed, while BRDiâs have continued to

work as tool molecules for understanding the roles of speci�c BRD proteins, as these

compounds have moved into the clinic, the development of resistance to BRDis has

added to the complexity of their use as therapeutic agents. Current advances in com-

binatorial inhibitor treatments and chimeric PROTACs have improved the e�cacy of

BRDiâs in clinical settings. It can be expected that more combinatorial therapeutic

options will be developed to circumvent the development of drug resistance in cancer,

with BRD inhibitors emerging as key players in combinatorial therapies, targeting

the underlying epigenetic regulatory networks across various cancer types.

Table 1 and Supplementary Table 1 is available upon request due to the huge size

the high resolution.
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Figure 4.1: Figure 1: Structural features of the bromodomain binding pocket. The general
control non-depressible 5 protein (Gcn5p) bromodomain (orange) is shown in complex with
an acetylated histone H4 peptide (cyan) (PDB ID: 1E6I). Hydrogen bonds are indicated by
a yellow dotted line, and water is colored in red. This �gure was generated with the PyMOL
Molecular Graphics System, version 2.4.2, Schr€±dinger, LLC.
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Figure 4.2: Figure 2: Di�erential expression patterns of bromodomain-containing protein
genes in tumor versus normal tissues for di�erent cancer types. Di�erential gene expression
of bromodomain-containing protein genes comparing tumor and paired normal samples for
14 cancer types in The Cancer Genome Atlas (TCGA) (those with more than ten paired
tumor and normal samples). The fold change is mean (Tumor)/mean (Normal), and the
p-value was determined by a t-test adjusted by FDR (false discovery rate). Analysis was
performed using the Gene Set Cancer Analysis web server [1]
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Figure 4.3: Figure 3: Dependency of bromodomain genes in systematic CRISPR knockout
screens from the Cancer Dependency Map project (https://depmap.org/portal/depmap,
accessedon7July2021 ). The CERES score indicates the likelihood that a gene is essential
[2]. A CERES score of 0 means the gene is not essential, while â1 is comparable to the
median of all pan-essential genes. Data were retrieved from depmap.org (release 21Q1). (A)
The percentage of cancer cell lines with CERES scores < -0.5 for each BRD gene across
disease types. CERES scores for (B) BRD9, (C) SMARCA2, and (D) SP110 across disease
types.
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Figure 4.4: Figure 4: A highly connected functional bromodomain protein-protein inter-
action (PPI) network. (A) Interaction network of bromodomain-containing proteins. The
public PPI datasets contain curated PPI derived from a range of a�nity puri�cation ap-
proaches including a�nity capture followed by mass spectrometry (MS), as well as proximity
labelling and MS, yeast two-hybrid methods, and others [3]. Accordingly, all physical inter-
actions for the 42 bromodomain-containing genes were processed and plotted with Cytoscape.
Each of the bromodomain-containing proteins are displayed in a larger size, and are color
coded by their respective functional group as indicated in the �gure legend. (B) Interactions
between di�erent bromodomain-containing proteins. Interactions between 37 bromodomain
proteins are depicted, as 5 bromodomain proteins do not interact with other bromodomain-
containing proteins.
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Chapter 5

Functional networks of the hu-

man bromodomain-containing pro-

teins

5.1 Keywords

protein-protein interaction networks, bromodomains, histone acetylation, graph anal-

ysis

5.2 Abstract

Background: Bromodomains are a structurally conserved epigenetic reader domain

that bind to acetylated lysine residues in both histone and non-histone proteins.

Bromodomain-containing proteins (BRD proteins) often function as sca�olding pro-

teins in the assembly. BRD proteins have been classi�ed based on biological and
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functional similarity, however the functions of many BRD proteins remain unknown.

PPI network analysis is useful for revealing organizational roles, identifying functional

clusters, and predicting function for BRD proteins.

Results: We used available data to construct protein-protein interaction networks

(PPINs) to study the properties of the human bromodomain protein family. The

network properties of the BRD PPIN establishes that the BRD proteins serve as hub

proteins that are enriched near the global center to form an inter-connected PPIN.

We identi�ed dense subgraphs formed by BRD proteins and �nd that di�erent BRD

proteins share topological similarity and functional associations. We explored the

functional relationships through clustering and Hallmark pathway gene set enrichment

analysis and identify potential biological roles for di�erent BRD proteins.

Conclusions: In our network analysis we con�rmed that BRD proteins are con-

served central nodes in the human PPI network and function as sca�olds to form

distinctive functional clusters. Overall, this study provides detailed insight into the

predictive functions of BRD proteins in the context of functional complexes and bio-

logical pathways.

5.3 Introduction

Post-translational modi�cations (PTMs) are fundamental to the dynamic control of

protein structure and function. In particular, the acetylation of lysine is an abundant

PTM found on both histone and non-histone proteins that is well-known to regu-

late a variety of biological processes, including transcription, chromatin compaction,

protein-protein interactions, cell cycle control, cell metabolism, nuclear transport
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and actin nucleation [412,413]. Lysine acetylation is reversibly generated by the co-

ordinated actions of both lysine acetyltransferases (KATs) and lysine deacetylases

(KDACs) [414, 415]. Bromodomains are epigenetic reader domains found in a di-

verse set of chromatin-associated proteins that bind to acetylated lysine residues

on histone proteins and non-histone proteins [416]. The recognition of acetyl-lysine

by bromodomain-containing proteins (BRD proteins) and the formation of speci�c

protein-protein and protein-nucleic acid complexes at loci-speci�c regulatory com-

plexes at functional elements marked by acetyl lysine represents a central mechanism

for epigenetic control.

The human proteome encodes 61 BRD domains that are encoded by 42 distinct

genes. Each bromodomain is an approximately 110 amino acid structural motif that

adopts a 4-alpha-helix barrel structure that forms a binding pocket for acetylated

lysine on histones and other proteins [417]. Most BRD proteins also possess several

other conserved functional domains, including other protein-protein interaction or en-

zymatic domains. Bromodomains can therefore be functionally grouped into 9 distinct

classes, including the bromodomain and extra-terminal motif (BET) family, histone

modifying factors that either possess intrinsic histone acetyltransferases (HAT), hi-

stone methyltransferase (HMT) activities, or belong to subunits of HAT complexes,

chromatin remodelling factors, the TRIM/RBCC family, Speckled Proteins (SP),

AAA-type ATPase and ZYMND transcriptional repressors [418,419]. Although BET

proteins and other bromodomain-containing proteins have characterized roles in gene

transcription, DNA Damage Repair (DDR) and other chromatin-templated processes,

the functions of many bromodomain proteins remain overall poorly described.

The analysis of protein-protein interactions (PPIs) has emerged as a valuable
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approach to systematically study protein function. High-throughput PPI mapping

methodologies including yeast two-hybrid (Y2H) and a�nity puri�cation-mass spec-

trometry (AP-MS) have provided large-scale PPI datasets which are deposited in

repositories, including HIPPE [420], IMEx consortium [421], STRING [422], and BI-

OGRID [423]. This collection of PPI data makes it possible to create PPI networks

(PPINs) to study the network properties based on available graph theory analysis

methods that examine static features such as connectivity and location [424]. PPINs

can be modelled by undirected graphs, where the nodes are proteins, and two nodes

are connected by an undirected edge when corresponding proteins physically inter-

act [424]. The representation of PPINs as graphs enables the systematic examination

of the topology and function of networks with graph-theoretical principles that can be

used to predict the structural properties of the underlying network [425,426]. These

predictions provide hypotheses about new interactions from the global network or

evidence for exploring functional roles of individual proteins.

To study the role of BRD proteins in the global human interactome, in this study

we constructed PPINs based on physical interaction data collected from various re-

sources. We investigated the topological features of the global human PPIN, and

the sub-network formed by BRD proteins to evaluate the network characteristics of

BRD proteins. We further used Hallmark pathway enrichment analysis and clustering

with gene ontology to predict the functional characteristics of subnetworks formed by

individual BRD proteins. Our results provide con�rmation that PPI networks can

predict the biological roles of BRD proteins and provide insights on characterizing

BRD proteins.
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5.4 Materials and Method

5.4.1 Data Description

We collected physical interaction data from BioGRID [423] and HIPPIE [420], then

constructed a comprehensive human PPIN (global PPIN), and a sub-network focused

on interactions of BRD proteins (BRD PPIN). To evaluate BRD proteins in terms of

their relationships, we also constructed a sub-network focused on interactions between

BRD proteins (BRD-BRD PPIN).

The BioGRID database BioGRID collects physical interactions extracted from

literature that have been detected using various experimental methods [423]. We

downloaded the version 4.3.194 and extracted all the physical interactions for homo

sapiens. These physical interactions include low throughput and high throughput

a�nity puri�cation methods, yeast two-hybrid, co-localization, etc. Approximately

80% interaction data used in the network data were derived from high-throughput

experiments. For the BRD PPI network, 57% interactions were curated from high-

throughput techniques.

HIPPIE is a specialized human protein-protein interaction network database [420]

that selects high-reliability interaction data from 10 source databases, including Bi-

oGRID, IMEx (such as IntAct [421]) and MINT [421, 427]. It also contains curated

interaction data from other 11 studies (that have not been fully covered by the other

databases yet). The human protein-protein interaction data included in HIPPIE

could be classi�ed as association, physical association, direct interaction and colocal-

ization, similar to BioGRID. A core component of HIPPIE is the con�dence scoring
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system, the score is calculated as a weighted sum of the number of studies in which

an interaction was detected, the number and quality of experimental techniques used

to measure an interaction and the number of non-human organisms in which an inter-

action was reproduced [420]. We downloaded the dataset updated in February 2021.

The con�dence value histogram of protein-protein interactions for BRD proteins and

those included in the global PPIN are shown in Supplementary Figures 1a and 1b.

Among 391,410 interactions in the global PPIN, 66,711 (1/6) interactions have a con-

�dence value less than 0.63 (suggested con�dence value threshold in HIPPIE), and

566 (3,591 in total) interactions for BRD proteins that do not pass the suggested

threshold, especially interactions for not well-studied BRD proteins. After combining

PPI data from HIPPIE and BioGRID, we totally collected 559,183 unique interactions

in the global PPI. That indicated HIPPIE adopted �ltering process and integrated

less PPI data compared to that of BioGRID (Supplementary Figure 1 (5.7)).

Therefore, we included all of the human PPI data from BioGRID and HIPPIE and

treat them equally without �ltering on evidence level. In addition, we also included

data from a recent publication [428] focused on the interactome of BET proteins. This

study revealed non-redundant PPI of BRD2, BRD3 and BRD4 in the native state

before addition of JQ1, not yet covered by the HIPPIE or BIOGRID databases. The

researchers also used reciprocal methods to explore the interaction between BRD4

and the poorly characterized BRD9 protein and identi�ed new interactors for BRD9

[428]. The newly identi�ed interactions for BRD2/3/4 and BRD9 are summarized in

Supplementary Figure 2 (5.8).

The global PPIN and BRD PPIN are both unweighted and undirected networks

without self-loops. We also examined the relationship between the number of publi-
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Figure 5.1: Protein-protein interaction network of Bromodomain-containing pro-
teins (BRD proteins) and their interactions. The protein-protein interaction network
of the human bromodomain-containing proteins (BRD PPIN) colored by their functional
groups. The size of highlighted BRD proteins indicate their number of interactions (de-
grees).

cations and BRD protein interaction (degrees) since the representation of interactions

in a corresponding PPIN is in�uenced by the number of publications and the type

of study used to report physical interactions (i.e., high throughput assays). Overall,

p300 and CBP have the highest number of reported publications (Supplementary Fig-

ure 3 (5.9)). There seems a positive correlation between the number of publications

and degrees in the global and BRD PPINs. Therefore, BRD-BRD PPIN is undirected

and weighted by the number of publications and/or techniques, with self-loops indi-
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cate the potential formation of homogeneous polymers. Cytoscape [429] is used to

visualize these networks, BRD proteins are grouped together using group attribute

layout (BRD versus non-BRD proteins) and then visualized by degree sorted circle

layout.

5.4.2 Graph analysis on the global PPIN and

BRD PPIN

The R graph package igraph [430] was used to analyze the topological features of

PPINs. Parameters are set to analyze the unweighted and undirected networks. The

graph topological features as well as degree, centrality measurements and K-core

decomposition for each protein in the global PPIN are computed in this way using

the according functions. For graph compactness, if a graph hasE ' Vk , 2 > k > 1,

then this graph is considered as dense, whereas when a graph hasE ' V or E ' Vk ,

k � 1, it is considered as sparse [424].

For clique analysis, we aimed to investigate how BRD proteins form functional

complexes based the clique prediction. To reduce computation time, we used the

according function in igraph package [430] (limiting size� 3) and identify cliques of

BRD proteins in BRD PPIN only formed by BRD proteins. The maximal cliques [431]

are detected using the function max_cliques in igraph with minimal clique size set

to 3. Table 4 (5.4) is generated based on the maximal cliques results to show how

many BRD proteins in each maximal clique and what they are. We extracted the

distance matrix of BRD proteins by applying the distance function in igraph to the

global human PPI network and extract the BRD proteins subset. Then the heatmap
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is plotted using heatmap.2 function in gplots package [432]. The similarity function

in igraph package calculates similarity scores for vertices based on their connection

patterns and two nodes can be found to be functionally similar if they share common

neighbors (reviewed in [424]).

To extend the similarity measurements beyond the direct neighbors of each node,

we analyzed the distance matrix from the global PPIN and obtained the indirect

interaction partners list for each BRD protein in the global human PPI network if the

partners are away from the BRD proteins with the shortest path of 2 and 3 (denotes as

SP=2 and SP=3), respectively. Then we use the modi�ed mathematical de�nition:

Sij (modif ied ) = totoalnumbersofsharedneighbors
totalnumbersofdistinctneighobrsofnodeiandj , i and j denote di�erent BRD

proteins to calculate the extended similarity of each pair of BRD proteins and compare

the indirect interaction pro�les of two BRD proteins.

5.4.3 Statistical Analysis

Direct comparisons of topological features between BRD proteins and non-BRD pro-

teins were performed by two-tailed Wilcoxon rank sum test (nonparametric text).

Chi-Square test is performed based on degree mean in the global PPIN and also for

the K scores. We used the �t_power_law function in igraph package to check whether

we can �t a power-law distribution to the degree distribution in the global human

PPI network [430]. The `pl�t' implementation is used for this function attempting

to �nd the optimal value of the �tted power law distribution for which the p-value

of a Kolmogorov-Smirnov test between the �tted distribution and the original sam-

ple is the largest. Under this setting, we checked the p-values that is based on the

hypothesis that the original data could have been drawn from the �tted power-law
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distribution.

5.4.4 Pathway enrichment analysis and functional

clustering

Pathway enrichment analysis was performed on BRD proteins and their non-BRD

interaction partners using hypeR bioconductor package [433]. Hallmark gene sets

are obtained from the Molecular Signatures Database v7.4 (MSigDB) [434]. For

the pathway enrichment on non-BRD interacting proteins, we extracted the top 25

Hallmark pathways which are sorted by FDR (<0.05) and the overlapped non-BRD

proteins for each top enriched pathway. Then we generated interaction pro�le for

each BRD proteins in each top enriched pathway by computing the number of inter-

acting non-BRD proteins for the speci�c BRD proteins and also participating in the

speci�c biological pathway. For individual pathway subnetworks, we extracted the

interactions of BRD proteins involved in DNA repair, MTORC1 signaling pathway

and oxidative phosphorylation process, then used Cytoscape [429] to visualize the

pathway-focused interaction networks. MTGO was used to combine graph topology

and gene ontology [435]. We obtained the gene annotation and �les from Gene On-

tology (GO) database [436] and extracted the GO term �le from Go.db package [437]

in R. MTGO generates topological modules denoted as set G based on the graph

topology, and functional modules, set T, in which each set member correspondent to

one GO term. We extracted the GO IDs and gene symbols corresponding to each

protein as input for MTGO using minSize of 8 and maxSize of 300. Then we combine

the optimized clustering �le with GO description and extracted the clusters in which
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BRD proteins are the cluster members.

5.5 Results

5.5.1 Construction of a bromodomain protein

interaction network

To study the global interaction properties of BRD proteins, we constructed a network

of the physical interactions of all 42 members of the bromodomain protein family

(see methods). The bromodomain protein family protein-protein interaction network

(BRD PPIN) is comprised of 4,054 unique interacting proteins (nodes) and 192,785

non-redundant edges (Table 1 (5.1)). In comparison, the complete human PPIN

(global PPIN) contains a total of 19,843 nodes and 559,183 edges. The data used to

construct the global PPIN were collected from di�erent sources that compile physical

interaction data from di�erent methods.

Among BRD proteins, TRIM28, BRD4, CBP and p300 have the highest number

of interactions, whereas SP140, SP140L and ATAD2B have the lowest number of

interactions in the BRD PPIN (Figure 1 (5.1)). Combined with the publication

numbers for each BRD protein, BRD1, BRD2, BRD3, BRD4, BRD7 and TRIM28

have a higher number of degrees, even with a relatively smaller number of publications

compared to its highest degree. SMARCA4, KAT2B and p300 show a consistent

number of degrees compared to the number of publications, whereas SMARCA2,

BRD2 and TRIM28 have higher degrees and moderate number of publications.
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5.5.2 The BRD PPIN is a connected scale-free

network

Protein interaction networks exhibit speci�c topological features that depict the bi-

ological properties of the network. The global PPIN can be divided into 18 distinct

components based on the connected components analysis and eccentricity, whereas

the BRD PPIN forms a single connected component (Table 1 (5.1)). The BRD PPIN

exhibited a smaller radius, diameter and average shortest path compared to the global

PPIN, suggesting that BRD proteins form a tighter network and are inter-connected.

The edge density of BRD PPIN is 0.02, indicating that only 2% of the total possible

number of edges are observed, possibly due to the fact that many physical interactions

remain to be discovered, especially for less studied BRD proteins. The clustering co-

e�cient (cliques, or the formation of complete subnetworks) is a measure of whether

a node has the tendency to form clusters or tightly connected communities (e.g., pro-

tein clusters in a protein-protein interaction network) [424]. While the probability of

forming cliques consisting of three or more nodes is low in the BRD PPIN, it is con-

siderably higher than that of the global PPIN (clustering coe�cient 0.14 versus 0.22,

respectively). The degree distribution of nodes and the cumulative frequency curve

in BRD PPIN and the global PPIN indicates that a small number of nodes have high

degrees (Figure 2 (5.2)). The degree distribution suggests these are scale-free net-

works. A biological network that is scale-free is stable and tolerant to perturbations

and is also venerable to loss of hub proteins in the overall networks. On the other

hand, these networks are also vulnerable to targeted attack, speci�cally hub proteins.

If few major hubs are lost, the network cold turned into a set isolated graphs and the
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graph structure is destroyed [424]. We further con�rmed that BRD PPIN and the

global PPIN are both scale-free networks by carrying out Kolmogorov-Smirnov (KS)

statistical test (p-value=0.91 and KS=0.022 for the global PPIN; p-value=0.643 and

KS=0.033 for BRD PPIN). Taken together, these results indicate that BRD proteins

form a densely connected network with their interaction partners.

5.5.3 Bromodomain proteins serve as central nodes

in the global human PPI network

We next focused on BRD protein at node level and determined speci�c topological

properties for each node including degree, centrality measurements and K-core de-

composition in the global human PPIN. We investigated the role of BRD proteins

as hubs in the PPIN. Hub proteins are proteins that form a high number of interac-

tions in the network and are important for the formation of PPI clusters [438]. We

assessed whether BRD proteins have more interactions than non-BRD proteins. The

mean degree of BRD proteins is 207.93, compared to 56.08 for non-BRD proteins,

and the degrees for BRD proteins is signi�cantly higher than that of non-BRD pro-

teins by performing non-parametric test (Table 2 (5.2), p-value<0.01). We calculated

the mean degree of all nodes in the global PPIN and de�ned proteins with a higher

degree than the mean degree as hub proteins. We then compared the percentage of

hub proteins between BRD protein family to non-BRD protein family. This analy-

sis showed that BRD proteins are more likely to serve as hubs in the entire human

network (Chi-Square test, p-value<0.01; see methods). BRD2, BRD3, BRD4, CBP,

SMARCA2 and SMARCA4 are among the top hub BRD proteins (Figure 1 (5.1) &
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Figure 5.2: Figure 2. Degree distribution of proteins in BRD PPIN and the global
PPIN (A) The histogram of degree distribution for proteins in BRD PPIN. (B) The degree
distribution for all proteins (4054 proteins) in BRD PPIN, the curve is con�rmed to follow
power-law distribution. (C) The histogram of degree distribution for proteins in the global
PPIN. (D) The degree distribution for all of the proteins (19843 proteins) in the global
PPIN, the curve is con�rmed to follow power-law distribution.

Supplementary Figure 3 (5.9)).

To further evaluate the importance of BRD proteins in the robustness of the
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network (tolerance to perturbations) and their role in bridging di�erent PPI com-

munities, we examined other centrality measurements of BRD proteins in the global

PPIN. Statistical inference indicates that BRD proteins have a signi�cantly higher

betweenness centrality than that of non-BRD proteins (Table 2 (5.2), p-value<0.05).

The eigenvector centrality is a measure of the in�uence of a node in a network, and

higher eigenvector centrality scores indicate this node is connected to other high

in�uential nodes [424,439]. BRD proteins exhibit a signi�cantly higher closeness cen-

trality and smaller eccentricity as well as higher eigenvector centrality (Table 2 (5.2),

p-value<0.05). These results suggest that BRD proteins are in�uential members in

the global PPIN.

Proteins are hierarchically located in the PPIN, and those with high degrees are

more likely to be located near or at the center of the entire network [440]. However, the

degree numbers alone do not re�ect the hierarchies and the locations of proteins within

the network [441,442]. We therefore performed K-core decomposition process to split

the network into di�erent layers from outside to inside in order to understand BRD

protein functions in the network organization [443]. Hub nodes with higher K-core

values are referred as a global center in the whole network, and hubs with relatively

lower K-core values are the local centers to forming the periphery connected clusters.

The global PPIN is split into 102 layers and the K-core for BRD proteins ranges from

4 to 102. As the percentage of BRD proteins in most layers keep zero since there

are many layers not including BRD proteins, there is no clear relationship between

BRD proteins percentage in each layer and K-core numbers. We compared the K-

core means between BRD proteins and non-BRD proteins and found that the K-core

for BRD proteins is signi�cantly higher than that of non-BRD proteins (3-fold over
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non-BRD proteins, Table 2 (5.2)). In the global PPI network, BRD proteins are more

likely to be located near the global center of the network topological organization. As

it has been demonstrated that proteins near the global center in the yeast PPIN tend

to be essential and conserved in evolution [440], this information also provides support

that BRD proteins tend to be essential and conserved in evolution across di�erent

organisms. The human BRD proteins shared conserved structure to read acetylation

code tailed on histones or non-histones [33] and some homologs for BRD proteins,

especially BETs have been found in other species, such as mice and yeast (reviewed

in [34]), as well as bu�alo [35]. Among BRD proteins, BRD4, TRIM28, p300 and

BRD7 have the highest K-core values with highest degrees. Taken together the result

of this topological analysis indicates BRD proteins perform important organizational

functions for the global PPIN and their roles may be evolutionary conserved.

5.5.4 Bromodomain-containing proteins cooper-

ate and exhibit functional similarities

Connected proteins within the PPIN may share similar functions and studying the

relationships between BRD proteins will be helpful to predict the function of less-well

characterized BRD proteins. To investigate the interactions among BRD protein fam-

ily members we constructed a subnetwork based on the interactions between BRD

proteins (BRD-BRD PPIN). Several BRD proteins exhibited no less than 10 non-

redundant interactions with other family members, including BRD2, BRD3, BRD4,

SMARCA2, SMARCA4, TAF1, CBP, and TRIM33 (Figure 3 (5.3)). Self-loops mea-

sure the potential of proteins to form dimers or oligomers. For example, ATAD2
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subunits has been reported to form hexamers [444]. Among BRD proteins, 17 mem-

bers form self-loops (Figure 3 (5.3)). Among these, the self-loop of p300 has the

largest width, and this protein has also been reported to homo-oligomerize [445]. The

self-loops do not seem related to degrees in the entire human network, or in BRD-BRD

PPIN.

Cliques in PPI networks are related to protein complexes and functional modules

that have a biological signi�cance [446], and components in protein complexes or

functional modules are prone to interacting with each other [446]. We performed

clique detection on the BRD-BRD PPIN [446]. We identi�ed 273 cliques formed by

BRD proteins with size greater or equal to 3 nodes. Smaller cliques can be merged

to form maximal cliques that cannot be extended by including one more adjacent

vertex. In total, we identi�ed 39 maximal cliques in the BRD-BRD PPIN (Table 3

(5.3)).

We also used shortest path and similarity measurements from the global human

PPI network to the relationship between BRD proteins. Hierarchical clustering of the

shortest paths for each BRD protein reveals a cluster of BRD proteins that tend to

interact with each other or form complexes (Figure 4A (5.4)). The shortest paths be-

tween di�erent BRD proteins ranged from 1 to 3. Most BRD protein pairs exhibited

a shortest path of 2 and are connected by another protein (BRD protein or non-

BRD protein). For example, there is no direct link between TRIM66 and ATAD2B,

but they are connected by one non-BRD interacting proteins (Figure 4B (5.4)). We

further compared the shortest paths between BRD proteins and between BRD pro-

teins and the non-BRD proteins using nonparametric test and found the distances

between BRD proteins are signi�cantly shorter than that between BRD proteins and

168



non-BRD proteins (P-value < 0.05). This analysis shows that BRD proteins have

signi�cantly higher percentage of BRD protein interactors than that for non-BRD

proteins using Chi-square test (P-value < 0.05). These shorter distances between

di�erent proteins and the percentage of BRD protein interactors, as well as the �six

degrees of separation� concept, indicates that the cellular interactome between BRD

proteins is relatively small, and suggests BRD proteins tend to be connected closely

together allowing for fast communication with each other.

The close connection of BRD proteins is a result of the PPIN topology and likely

their functional relationships. The similarity interaction heatmap shows the simi-

larity scores of adjacent neighbors for each pair of BRD proteins (Figure 4C (5.4)).

Most BRD protein pairs harbor low similarity values. There are 4 pairs of nodes

with relatively higher similarity values including, CBP and P300, SMARCA2 and

SMARCA4, KAT2A and KAT2B, and BRD2 and BRD3. This similarity score mea-

surement only accounts for neighboring interactions (shortest path = 1) but failed to

reveal similarities beyond these pairs of proteins, which share structural similarity,

and belong to similar functional groups. We therefore modi�ed the similarity score

to show the ratio of common indirect interacting partners with distances of 2 and 3

(denoted as modi�ed similarity). The similarity score within di�erent BRD proteins

increases dramatically after extending the shortest paths to 2 or 3 and the mean

similarity score increases by about �ve-fold (Figure 4D (5.4)). Most pairs of BRD

proteins have a modi�ed similarity score greater than 0.5 (Figures 4E and 4F (5.4)).
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5.5.5 Bromodomain-containing proteins are en-

riched in various Hallmark and Gene On-

tology pathways

Several BRD proteins have been functionally characterized or classi�ed into func-

tional groups based on the presences of conserved protein domains outside of the

bromodomain. We next investigated the roles of BRD proteins based on node level

to examined which BRD proteins are members of Hallmark pathway gene sets from

Molecular Signatures Database (MSigDB) [434](Table 4 (5.4)). Approximately one-

quarter of all BRD proteins (10/42) are curated as members of Hallmark pathways

from Molecular Signatures Database (MSigDB) [434](Table 4 (5.4)). Among these,

only KAT2A and SP110 belong to more than one Hallmark pathway. However, with-

out available data for the less well-studied BRD proteins a systematic analysis of

PPIs is needed to predict their functional roles. We therefore performed pathway

enrichment analysis using the 4,012 non-BRD interacting proteins in the BRD PPIN

to examine the global roles of BRD proteins. Among the 50 Hallmark pathways,

42 of have a signi�cance level less than 0.05 (FDR, false discovery rate), indicating

these non-BRD interactors are signi�cantly enriched in a variety of Hallmark path-

ways (Figure 5A (5.5)). The gene sets of transcriptional factors, such MYC and E2F

targets, as well DNA repair and cell cycle checkpoints gene sets are among the most

highly enriched pathways. Interestingly, many BRD members are associated with a

given pathway. For example, a total of 32 BRD proteins are involved in DNA repair

response via interaction with members of this pathway (Figure 5B (5.5)). We further
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investigated the level of each BRD protein involved into the top 25 signi�cantly en-

riched Hallmark pathways. Overall, the inter-action partners of BRD4 and TRIM28

are the most enriched BRD proteins among these di�erent Hallmark pathways (Figure

6A (5.6)). BRD4 interactions are highly enriched in mTORC1 signaling and glycol-

ysis (Figure 6B (5.6)). The inhibitory function of the mTOR complex 1 (mTORC1)

in autophagy is well established (reviewed in [447]) and BRD4 has been character-

ized as a transcriptional repressor of autophagy and lysosomal function [448]. The

function of BRD4 as gene transcriptional regulator to modulate glycolysis has been

studied [449]. All these �ndings give support to the importance of BRD4 in mTORC1

signaling and glycolysis. A sub-network focus on the interaction between mTORC1

pathway members and BRD proteins show that 28 BRD proteins also interact with

this pathway. These results indicate that a large proportion of BRD proteins poten-

tially play roles in the mTORC1 signalling pathway, but the exact mechanistic roles

of these BRD proteins are yet to be discovered.

TRIM28 interactions showed the highest enrichment with the Hall-mark oxidative

phosphorylation pathway. TRIM28 was previously shown to form a cancer-speci�c E3

ubiquitin ligase together with MAGE-A3/6 proteins [450] for proteasomal degradation

of AMPK, a master regulator of metabolic/energy homeostasis and mitochondrial

biogenesis in cancer cells [451]. Consistent with this, enrichment analysis shows a

relatively higher signi�cance of TRIM28 interactions associated with glycolysis. 21

BRD proteins also interact with the oxidative phosphorylation pathway, including

other TRIM proteins (Figure 6C (5.6)). In this sub-network, BRD4 and BRD7 have

relatively more interactions with oxidative phosphorylation pathway members.

We used MTGO [435] to further investigate the clustering pro�le of BRD proteins
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in BRD PPIN based on gene ontology, as well as the topological features. MTGO

clustering identi�ed 70 functional modules, with 16 of them containing BRD proteins

(Table 5). The cluster containing the most BRD proteins are annotated as transcrip-

tion factor binding, and this cluster includes 18 BRD proteins: ATAD2, BAZ1A,

BAZ1B, BPTF, BRD2, BRD7, BRD9, BRWD1, CBP, P300, KAT2A, KAT2B, MLL,

PBRM1, SMARCA4, TAF1, TRIM24, TRIM33. The second largest cluster contains

4 BRD proteins: BRD3, BRD4, BAZ2B and ZMYND11. BRD4 is previously reported

to contribute to the regulation of alternative splicing via co-localizing and interacting

with the splicing regulators [452]. ZMYND11 is reported to regulate RNA splicing via

connecting with histone H3.3K36me3 and then interacting with RNA splicing regula-

tors, including the U5 snRNP components of the spliceosome, such as EFTUD2 [453].

But the roles of BRD3 and BAZ2B in RNA splicing are unclear. There are BRD pro-

teins not included into any the Gene Ontology terms, so their clustering attributes

are largely dependent on the interaction pro�les.

Interestingly, some BRD proteins with medium degrees cluster with similar on-

tological functions, such as BRPF1, BRPF3 and TRIM66 in the neurotrophin TRK

receptor signalling pathway, CECR2 and PHIP to RNA helicase activity, and BRD1

and TRIM28 in mitochondrial translational termination via interactions. The clus-

tering results show some potential functions for these poorly studied BRD proteins.

Based on MTGO cluster results, ATAD2B is possibly associated with protein N-linked

glycosylation. It is unclear if BRD proteins have any role in N-linked glycosylation

and the functional role of ATAD2B needs further investigation. Taken together, the

interaction network of BRD proteins demonstrates that BRD proteins perform impor-

tant roles in the context of cellular and biological pathways, and the network topology
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of BRD proteins provide new insights into their potential functions.

5.6 Discussion

Bromodomain proteins have versatile roles of recognizing acetylated histone and non-

histone proteins and forming protein-protein interactions at chromatin to regulate

diverse biological processes. Despite a growing number of systematic proteomic stud-

ies and a wealth of physical protein interaction data deposited into databases, the

role of BRD proteins as mediators of protein complexes in the human PPI network

remains unclear. Overall, di�erent BRD proteins have a large number of reported in-

teractions across many studies. Some have a large number of PPIs despite a relatively

smaller number of publications. This can be attributed to the use of high-throughput

techniques, such as A�nity Puri�cation Mass Spectrometry (AP-MS). For example,

TRIM66 interactions were missing in the databases until a single publication in 2018

revealed 200 various interactions for TRIM66 involved in DNA repair response [454].

Still there is a de�ciency of interaction data for a subset BRD proteins, including

BRDT, SP140, SP140L and ATAD2B. The cell-speci�c expression restrictions and/or

the relatively low expression levels may contribute to the insu�cient studies to these

BRD proteins with poorly characterized functions. Thus, several BRD family mem-

bers remain uncharacterized and systematic analysis of available protein interaction

data is needed to predict their functional roles.

In this study, we constructed a network of all BRD proteins and their interactions

and applied graph analysis to examine their topological characteristics in the human

PPI network. A caveat in our study is that merging protein interaction data detected
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by di�erent methods and in di�erent settings can introduce biases in the analysis. We

also analysed HuRI Union [455] and BioPlex HEK293T [425] (Supplementary Table 1

(5.1)) to investigate the role of BRD proteins in data collected from systematic screens

using single technique in a speci�c cell type, and are less biased. However, the graph

analysis on these two networks (data not shown) did not support our conclusion

that BRD proteins are hubs in PPI networks. However, these speci�c networks did

not include many of the BRD proteins and largely lack su�cient interaction data

for BRD proteins. These speci�c resources are still collecting data to cover more

protein-protein interaction in these systems, and we may have more comprehensive

insight about BRD proteins from these un-biased networks when we revisit them in

the future. The global human PPIN we constructed is not un-biased, but it supports

comprehensive and useful information for us to characterize the functional roles of

BRD proteins, particularly those that are less well-characterized.

Our systematic analysis provides understanding the global roles of BRD proteins

as mediators of protein interactions. Consistent with their role as molecular sca�olds,

we found that BRD proteins are hub proteins and form functional protein complexes

to shape the human PPI network. Analysis of topological network features support

the important organizational roles for BRD proteins in the global protein-protein

interaction network. BRD proteins are positioned at the global center, a characteristic

that supports their essential and evolutionary conserved functions.

Analysis of the BRD PPI network further highlighted the relationships between

BRD proteins. The similarity scores calculated for interactions formed by di�er-

ent BRD proteins provides insight into the shared functions among di�erent BRD

proteins, including the less well-characterized BRD proteins. We �rst determined
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similarity scores using a distance of 1 and identi�ed four related BRD protein pairs;

CBP and P300, SMARCA2 and SMARCA4, KAT2A and KAT2B, BRD2 and BRD3.

These BRD proteins all share structural and functional similarities. The cliques

formed by CBP, p300 and KAT2B expand to 4-nodes clique with the addition of

KAT2A. Since these 4 proteins are all the members of BRD proteins with intrinsic

histone acetyltransferase activities, they may work with other non-BRD proteins to

form chromatin-modifying complexes, such as the SAGA complex [456]. CBP and

p300 form cliques with other BRD functional group members from other functional

clusters, including SMARCA2, SMARCA4 and BRD7. In the 25th maximal clique,

CBP interacts with SMARCA2, SMARCA4, TRIM28 and BRD4. CBP/p300 and

SMARCA2/4 have been reported to form p300-CBP-p270-SWI/SNF complex [457]

to remodel the chromatin structure and thereby regulate gene transcription. In addi-

tion, BRD4 interacts with CBP/p300 and SMARCA4 to regulate histone H3 acety-

lation and chromatin remodeling [458]. But more study is required to investigate the

collective functions of the protein complex predicted by 25th complex.

We modi�ed the similarity score to �nd similar BRD pairs with distances of 2

and 3, and we found that majority of BRD proteins are inter-connected. Several

pairs of BRD proteins have common interactions, indicating functional similarity

between di�erent BRD protein members. As expected, hub BRD proteins in the

global human PPI network exhibit overall higher similarity scores with BRD proteins,

partly due to the extensive studies available. BRD proteins are also more likely to have

similar interactome pro�les with the other BRD proteins falling in the same functional

groups. Interestingly, some proteins belong to di�erent functional groups also have

higher similarities (greater than 0.5). This indicates BRD proteins from these similar
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functional groups are related to each other and potentially form protein complexes

via common interactors to perform similar biological functions. Examples include

the BRD7-CBP-SWI-SNF complex consisting of BRD7, SMARCA2, SMARCA4 and

CBP and/or the ALL-1 super complex formed by MLL, TAF1 and SMARCA2 [459].

We used enrichment analysis with Hallmark and Gene Ontology pathways to ex-

amine the functional roles of BRD protein interactors. Among the top enriched path-

ways, a large set of BRD proteins (32/42) and their interactions are associated with

DNA damage repair responses. The DNA damage repair response (DDR) is carried

out by a network of factors that sense DNA damage and signal the recruitment of

chromatin remodeling and DNA repair machinery to sites of DNA damage. The BRD

proteins are integral to DNA repair responses and participate recognition of acetyla-

tion signals, recruiting DDR and transcriptional factors, regulating transcription and

remodeling chromatin activities, and triggering DSB repair [460]. The mammalian

SWI/SNF (mSWI/SNF) complexes are ATP dependent chromatin remodeling com-

plexes that contain a bromodomain module and regulates the accessibility of genomic

elements for DNA damage repair [461]. SMARCA2 (also known as BRM for brahma

homologue), SMARCA4 (BRG1, for Brahma-related gene-1), BRD7 and PBRM1

(BAF180) [462,463] are members of these chromatin remodeling complexes. Interest-

ingly, these and 28 other BRD proteins also participate in DDR via interacting with

this pathway members (Figure 5B (5.5)). The DNA-repair associated BRD proteins

belong to 8 functional groups, with only AAA-ATPase BRD proteins (ATAD2 and

ATAD2B) are not encompassed. However, Kim, et al. have suggested ATAD2B is

involved in homologous recombination by performing DSB repair assay after knocking

down ATAD2B by siRNA [454].
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Functional characteristics of proteins can be predicted via PPI clusters that share

similar interactions, so we therefore performed functional clustering analysis with gene

ontology and identi�ed potential functions for poorly characterized BRD proteins.

Speckled proteins tend to be expressed in blood cells and have been related to immune

cell functions (reviewed in [464]). As expected, SP100, SP140 and SP140L BRD

proteins have been assigned to immune-related clusters in MTGO results (Table 5).

Similarly, BRD3, BRD4, BAZ2B and ZMYND11 formed a functional cluster of BRD

proteins with potential roles in RNA splicing and thus predicted potential functions

for less studied BRD proteins. Whether they have functional roles underlying these

biological process needs to be further studied.

Advances in systems biology, including an ever-expanding catalog of protein-

protein interactions and the development of modern methods for topological and

functional prediction have signi�cantly enhanced our ability to study the structure

and function of biological networks. In this work, we constructed a PPIN to provide a

global view of the protein interactome in humans for the study of the family of BRD

proteins. BRD proteins have emerged as central factors in diverse biological processes,

yet many BRD proteins remain poorly characterized. Identifying the relationships be-

tween BRD protein interactions and functional modules in gene interaction networks

is a critical step towards understanding their biological roles. Distinctive hallmark

pathways and GO terms were identi�ed in our BRD protein sub-network, and this

functional annotation o�ers new insight for investigation of BRD protein function for

both well-studied and unclassi�ed BRD proteins. Prospective analysis will be useful

to exploit the topological and functional modules to de�ne disease modules. A par-

ticularly interesting goal is to integrate PPI modules with co-expression networks in
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speci�c physiological/pathological contexts. In this way, the comparison of BRD pro-

tein functional and topological sets can be compared between disease versus healthy

networks to uncover network rewiring events to characterize the detailed events par-

ticular disease and to help pinpoint biologically and therapeutically relevant proteins.

Tables and supplementary �gures are listed as below:

Table 5.1: Table1: General topological features of the interaction networks formed by BRD
proteins' interaction pro�le (BRD PPIN) and all of the human protein-protein interactions
(Global PPIN).

BRD PPIN BRD-BRD PPIN Global PIN
Nodes 4054 37/42 19,843
Edges 192,785 121 559,183
Density 0.02 0.182 0.003
Radius 3 2 4
Diameter 4 4 8
Average shortest paths 2.21 2.123 2.87
Average clustering coe�cients 0.22 0.475 0.14
Connected component 1 6 18

Table 5.2: Talbe2: Statistical summary of centrality and K-core measurements for BRD
proteins vs. non-BRD proteins in the global PPIN. The signi�cance level is 0.05.

Topology BRD proteins parameters mean Non-BRD proteins parameters mean P value (Wilcoxon rank sum test)
Degree 207.93 56.08 1.906e-10, *
Betweenness Centrality 97567.05 18327.97 8.763e-09, *
Closeness Centrality 2.24e-06 2.20e-06 1.625e-12, *
Eccentricity 5.048 5.383 9.748e-06, *
Eigenvector Centrality 0.103 0.028 5.403e-13, *
Clustering coe�cients 0.133 0.141 0.4772, ns
K-core 60.02 28.75 2.016e-10, Chi-square(>49); 7.662e-12
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Table 5.3: Table 3: Maximal cliques in the interaction pro�le between BRD proteins.

Clique Index BRDs Number of nodes
1 BRDT, BRD2, BRD4 3
2 BRD1, PBRM1, TRIM33 3
3 BPTF, BRD2, BRD3, BRD4 4
39 SMARCA4, BAZ1B, BRD4, BRD3, BRD2 5

Table 5.4: Table 4: Involvement of 42 BRD proteins in Hallmark pathway gene sets.

Hallmark gene sets size overlap hits p-value
HALLMARK NOTCH SIGNALING 32 1 KAT2A 0.056
HALLMARK WNT BETA CATENIN SIGNALING 42 1 KAT2A 0.073
HALLMARK TGF BETA SIGNALING 54 1 TRIM33 0.092
HALLMARK INTERFERON ALPHA RESPONSE 97 1 SP110 0.16
HALLMARK APOPTOSIS 161 1 CBP 0.25
HALLMARK ADIPOGENESIS 200 1 BAZ2A 0.3
HALLMARK COMPLEMENT 200 1 BRPF3 0.3
HALLMARK E2F TARGETS 200 1 ATAD2 0.3
HALLMARK HEME METABOLISM 200 1 KAT2B 0.3
HALLMARK INTERFERON GAMMA RESPONSE 200 1 SP110 0.3
HALLMARK KRAS SIGNALING DN 200 1 BRDT 0.3
HALLMARK MYC TARGETS V1 200 1 TRIM28 0.3

5.7 Data Availability Statement

R scripts for all analysis are available on GitHub

https://github.com/FrietzeLabUVM/BRD _PPIN)
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Figure 5.3: Figure 3. Protein-protein interaction network of Bromodomain-
containing proteins (BRD-BRD PPIN). This sub-network is formed by protein-
protein interactions between BRD proteins. Color refers to di�erent functional groups.
Size of nodes indicate the number of interactions for BRD proteins derived from the global
PPIN. BRD proteins are sorted and ordered based on degrees. Width of edges is determined
based on the number of publications/techniques used to de�ne an interaction.
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Figure 5.4: Figure 4. Distance and functional similarity heatmap of
Bromodomain-containing proteins. (A)Hierarchical clustering of the distance heatmap
showing the interactions between pairs of BRD proteins. The shortest path lengths between
BRD proteins were calculated based on the global PPIN. Colors in heatmap indicate di�erent
shortest path lengths. (B)Example interactions for ATAD2B and TRIM33 (C)A heatmap of
similarity scores of BRD protein interaction pro�les. Similarity scores are calculated based
on interacting proteins in the global PPIN (shortest path = 1). (D)Distribution of similar-
ity scores between BRD protein pairs with increasing shortest path (from 1 to 3). The red
squares are the mean of similarity scores for a given shortest path. (E)Similarity Heatmap
of BRD proteins (shortest path = 2). (F)Similarity Heatmap of BRD proteins (shortest
path = 3).
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Figure 5.5: Figure 5. Pathway enrichment analysis of BRD protein interaction
partners. (A) Hallmark pathway enrichment analysis of non-BRD interactors from the
BRD PPIN. Y-axis is di�erent Hallmark pathways; X-axis indicates FDR (False discovery
rate) of each pathway. The red dotted line indicates the signi�cance level (0.05) of FDR.
The size of dots shows the number of non-BRD proteins overlapped with each pathway gene
set. (B) Sub-network of BRD protein interactions within the Hallmark DNA Repair pathway
(M5898). BRD proteins are grouped and colored according to their funcitional groups, the
left nodes are the non-BRD proteins included in this pathway gene set, the right circle
proteins are BRD-proteins that are represented in this pathway gene set.
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Figure 5.6: Figure 6. The involvement of BRD protein interactions in Hallmark
Pathways. (A)Involvement of individual BRD protein interaction partners in the top 25
signi�cantly enriched Hallmark pathways. X-axis is the IDs for the 25 top Hallmark path-
ways ordered by FDR (See Figure 5 (5.5)), and pathway labels are shown in the bottom table.
Color and size of the dots indicate the relative number of interactions associated with each
pathway gene set for each BRD protein. The number of interactions of each BRD protein
for each pathway are normalized by the total number of interactions across the 25 top Hall-
mark pathways. (B)Subnetwork showing the BRD protein interaction Hallmark MTORC1
signaling pathway. BRD proteins are colored green and pathway members are yellow. The
size of nodes corresponds to the number of interactions. (C)Subnetwork showing the BRD
protein interaction with the Hallmark oxidative phosphorylation pathway.
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Figure 5.7: Supplementay Figure 1

184



Figure 5.8: Supplementay Figure 2
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Figure 5.9: Supplementay Figure 3
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Chapter 6

Concluding Remarks and Future

Work

6.1 Summary

Chromatin based-mechanisms involved in the establishment and maintenance of cel-

lular phenotypes are mediated by post translational histone modi�cations and higher-

order chromatin organization. These processes synchronize the assembly of protein

complexes at particular genomic loci, altering gene expression. Herein, I harness com-

prehensive, high-throughput techniques to examine epigenetic shifts in breast cancer

progression cell models, making novel contributions to cancer epigenomics by studying

the sweeping changes in the epigenomic landscape during breast cancer progression

and the integral, functional roles of Bromodomain-containing proteins in chromatin

regulation. Chapters 2 and 3 detail the use of peaksat for high-caliber ChIP-Seq

data generation, coupled with transcriptomic analysis, to decode epigenetic dynamics

across various breast tumor developmental stages. In Chapters 4 and 5, a systematic
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examination of bromodomain proteinsârecognizers of the histone acetylation codeâis

conducted to discern their impact on cancer, particularly breast cancer. Collectively,

this research sheds light on the epigenomic transformations accompanying the tran-

sition from normal breast epithelial cells to malignant entities, o�ering insights into

Bromodomain-containing proteins that could inform therapeutic strategies for breast

cancer.

6.2 Implications of Epigenetic Plastic-

ity in Breast Cancer Progression

Cell Model

6.2.1 Comprehensive Outlook and Field Contri-

butions

Chapters 2 and 3 of this dissertation provide a methodological framework for exam-

ining the genome-wide landscapes of histone modi�cations in correlation with tran-

scriptomic pro�les. This work characterizes cis-regulatory features such as enhancers

and heterochromatin that correspond to various stages of breast tumor development

and o�ers insights into the genome-wide domain targets of epigenetic therapies for

breast cancer. Moreover, it introduces a graph analytical framework for gene regula-

tory networks, illuminating core regulatory circuits in the breast cancer progression

model and highlighting potential transcription factors pivotal in tumor development.
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This research has also made accessible datasets for breast cancer progression cell

lines, facilitating further studies into chromatin states and the associated epigenomic

and transcriptomic alterations that underpin breast tumor development. Chapter 6X

lays out potential research pathways that can extend and build upon the �ndings

presented.

6.2.2 Defining Chromatin States in Breast Can-

cer Progression Cell Lines

This dissertation's initial objective is to characterize the chromatin state patterns

across breast cancer progression cell lines, o�ering a detailed understanding of how

these statesâand their functions-vary across di�erent cellular contexts. In Chapter

3, I unveil a genome-wide analysis of chromatin states within extensively utilized

breast cancer progression cell lines. The chapter delineates the segmentation of chro-

matin states, the changes observed across cell lines at various progression stages, and

the characterization of enhanced pro�les and gene regulatory networks that underlie

breast tumor development. It provides a computational strategy for exploring the

genomic landscape, integrating histone modi�cations, and gene expression to classify

essential regulatory elements in breast cancer progression.
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6.2.3 Characterizing the Altered Profiles of

Regulatory Domains in Breast Cancer Pro-

gression

Continuing in Chapter 3, I explore the alterations in enhancer, super enhancer, and

heterochromatin pro�les. Enhancer rewiring's signi�cance in disease, notably cancer,

is established and, for the �rst time, alterations in heterochromatin pro�les linked to

tumor suppression and oncogene reprogramming are identi�ed.

6.2.4 Deciphering Gene Regulatory Networks

and Identifying Crucial Transcription Fac-

tors

The focus then shifts to the gene regulatory networks constructed using H3K27ac

ChIP-Seq and RNA-Seq within the breast cancer progression model. Through graph

analytical methods applied to these networks, I identify central hub transcription

factors that may serve as tumor suppressors. Furthermore, I delve into the core

regulatory circuitry, pinpointing master transcription factors crucial for maintain-

ing epithelial phenotypes and potentially acting as tumor suppressors or therapeutic

targets.
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6.2.5 Future Directions

This research lays the groundwork for future studies that can investigate the mul-

tifaceted cellular mechanisms of breast cancer development, with particular focus

on enhancers and heterochromatin in the reprogramming of gene transcription and

malignant transformation. Future work might explore the clinical implications of

regulatory elements using patient-derived ChIP-Seq data. Given the dynamic na-

ture of heterochromatin marked by histone modi�cations such as H3K27me3, future

studies could employ ATAC-Seq to validate the stability and state transitions of

these repressed domains. Pro�ling protein interactions with chromatin, such as HP1

and PRC2, could provide deeper insight into the changes in higher-order chromatin

structure. Emphasis could be placed on understanding how speci�c heterochromatin

domains contribute to malignant transformation and how to interrogate these pro-

cesses to inhibit cancer progression. Additionally, examining the roles of cell-speci�c

or malignancy-speci�c transcription factors identi�ed in gene regulatory networks will

be crucial in con�rming their function in breast tumor development. Exploring strate-

gies to modulate the expression and binding activities of these transcription factors

to enhancer regions could o�er promising alternatives for breast cancer therapy. A

signi�cant aspect of gene regulation is the interaction loops formed by enhancers and

promoters of target genes; predictive tools such as DNABERT [465] can be re�ned

to enhance our understanding of these regulatory interactions. Subsequent research

should aim to develop prediction tools focusing on enhancer regions, integrating them

with promoter and transcription factor binding data to construct more precise regu-

latory networks.
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6.3 Systematic and Functional Investi-

gation of Bromodomain-Containing

Proteins

Venturing beyond the sphere of histone modi�cation, my research has explored the

systematics of bromodomain-containing proteins, examining their multifaceted roles

within various biological contexts, including their impact on breast cancer. These

proteins are multifunctional: they interpret histone acetylation patterns, shape chro-

matin architecture, and are pivotal in mediating interactions between proteins, thereby

orchestrating numerous biological functions. Chapter 4 of this dissertation presents

an in-depth examination of gene expression variations linked to bromodomain pro-

teins across a spectrum of cancers. Chapter 5 employs graph analytical techniques to

dissect the protein-protein interaction networks, positioning BRD proteins as pivotal

hubs that underpin an expansive, interconnected network. The detection of densely

interconnected subgraphs among BRD proteins indicates not just structural paral-

lels but also functional interrelations. Utilizing clustering methodologies alongside

Hallmark pathway enrichment analysis, we have delineated the possible biological

functions of various BRD proteins, categorizing them and o�ering predictions regard-

ing the roles of those not yet fully characterized, thus highlighting the critical role of

bromodomains in chromatin-centric regulatory processes.

Future investigations should concentrate on speci�c Bromodomain-containing pro-

teins, such as CECR2, to demystify their in�uence on cellular growth, division, motil-

ity, and immune system interactions. Moreover, we intend to map out the intricate
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web of interactionsâboth between proteins and between proteins and DNA-of these

proteins within breast cancer cell models to accurately ascertain their function in

de�ned biological scenarios.

6.4 Conclusion

For the �rst time, this dissertation delineates the integrated epigenomic and tran-

scriptomic landscape of breast cancer progression, uncovering the role of altered het-

erochromatin in tumor development. It pioneers the application of gene regulatory

networks and graph analysis to study enhancer-driven gene regulation, o�ering fresh

perspectives on crucial transcription factors. This holistic approach promises to il-

luminate the intricate workings of breast cancer and foster innovative therapeutic

tactics. Moreover, it establishes a paradigm for integrative analysis to probe cancer

regulatory mechanisms, applicable to other diseases.

193



Bibliography

[1] C. J. Liu, F. F. Hu, M. X. Xia, L. Han, Q. Zhang, and A. Y. Guo. GSCALite: a
web server for gene set cancer analysis.Bioinformatics, 34(21):3771�3772, Nov
2018. [DOI:10.1093/bioinformatics/bty411] [PubMed:29790900].

[2] R. M. Meyers, J. G. Bryan, J. M. McFarland, B. A. Weir, A. E. Sizemore,
H. Xu, N. V. Dharia, P. G. Montgomery, G. S. Cowley, S. Pantel, A. Goodale,
Y. Lee, L. D. Ali, G. Jiang, R. Lubonja, W. F. Harrington, M. Strickland,
T. Wu, D. C. Hawes, V. A. Zhivich, M. R. Wyatt, Z. Kalani, J. J. Chang,
M. Okamoto, K. Stegmaier, T. R. Golub, J. S. Boehm, F. Vazquez, D. E.
Root, W. C. Hahn, and A. Tsherniak. Computational correction of copy num-
ber e�ect improves speci�city of CRISPR-Cas9 essentiality screens in cancer
cells. Nat Genet, 49(12):1779�1784, Dec 2017. [PubMed Central:PMC2690996]
[DOI:10.1016/j.cell.2017.06.010] [PubMed:19261174].

[3] V. Mehta and L. Trinkle-Mulcahy. Recent advances in large-scale protein
interactome mapping. F1000Res, 5, 2016. [PubMed Central:PMC4383984]
[DOI:10.1038/nature11354] [PubMed:22940862].

[4] A. Kim, K. Mo, H. Kwon, S. Choe, M. Park, W. Kwak, and H. Yoon. Epigenetic
Regulation in Breast Cancer: Insights on Epidrugs.Epigenomes, 7(1), Feb
2023. [PubMed Central:PMC5481380] [DOI:10.1080/13543784.2019.1667331]
[PubMed:31510809].

[5] H. M. Lu, S. Li, M. H. Black, S. Lee, R. Hoiness, S. Wu, W. Mu, R. Huether,
J. Chen, S. Sridhar, Y. Tian, R. McFarland, J. Dolinsky, B. Tippin Davis,
S. Mexal, C. Dunlop, and A. Elliott. Association of Breast and Ovar-
ian Cancers With Predisposition Genes Identi�ed by Large-Scale Sequenc-
ing. JAMA Oncol, 5(1):51�57, Jan 2019. [PubMed Central:PMC6082405]
[DOI:10.1016/j.jmoldx.2016.07.006] [PubMed:27720647].

194



[6] R. Wooster and B. L. Weber. Breast and ovarian cancer. N
Engl J Med, 348(23):2339�2347, Jun 2003. [DOI:10.1056/NEJMra012284]
[PubMed:12788999].

[7] Y. S. Sun, Z. Zhao, Z. N. Yang, F. Xu, H. J. Lu, Z. Y. Zhu, W. Shi, J. Jiang,
P. P. Yao, and H. P. Zhu. Risk Factors and Preventions of Breast Can-
cer. Int J Biol Sci , 13(11):1387�1397, 2017. [PubMed Central:PMC2903338]
[DOI:10.7150/ijbs.21635] [PubMed:20458026].

[8] A. C. Antoniou, A. B. Spurdle, O. M. Sinilnikova, S. Healey, K. A. Pooley,
R. K. Schmutzler, B. Versmold, C. Engel, A. Meindl, N. Arnold, W. Hof-
mann, C. Sutter, D. Niederacher, H. Deissler, T. Caldes, K. rvi, H. Nevanlinna,
J. Simard, J. Beesley, X. Chen, S. L. Neuhausen, T. R. Rebbeck, T. Wag-
ner, H. T. Lynch, C. Isaacs, J. Weitzel, P. A. Ganz, M. B. Daly, G. Tomlin-
son, O. I. Olopade, J. L. Blum, F. J. Couch, P. Peterlongo, S. Manoukian,
M. Barile, P. Radice, C. I. Szabo, L. H. Pereira, M. H. Greene, G. Rennert,
F. Lejbkowicz, O. Barnett-Griness, I. L. Andrulis, H. Ozcelik, A. M. Gerdes,
M. A. Caligo, Y. Laitman, B. Kaufman, R. Milgrom, E. Friedman, S. M. Dom-
chek, K. L. Nathanson, A. Osorio, G. Llort, R. L. Milne, J. tez, U. Hamann,
F. B. Hogervorst, P. Manders, M. J. Ligtenberg, A. M. van den Ouweland,
S. Peock, M. Cook, R. Platte, D. G. Evans, R. Eeles, G. Pichert, C. Chu,
D. Eccles, R. Davidson, F. Douglas, A. K. Godwin, L. Barjhoux, S. Mazoyer,
H. Sobol, V. Bourdon, F. Eisinger, A. Chompret, C. Capoulade, B. Bressac-de
Paillerets, G. M. Lenoir, M. Gauthier-Villars, C. Houdayer, D. Stoppa-Lyonnet,
G. Chenevix-Trench, and D. F. Easton. Common breast cancer-predisposition
alleles are associated with breast cancer risk in BRCA1 and BRCA2 muta-
tion carriers. Am J Hum Genet, 82(4):937�948, Apr 2008. [PubMed Cen-
tral:PMC2291027] [DOI:10.1016/j.ajhg.2008.02.008] [PubMed:18437204].

[9] D. A. Pedroza, V. Rajamanickam, R. Subramani, A. Bencomo, A. Galvez,
and R. Lakshmanaswamy. Progesterone receptor membrane component 1 pro-
motes the growth of breast cancers by altering the phosphoproteome and
augmenting EGFR/PI3K/AKT signalling. Br J Cancer, 123(8):1326�1335,
Oct 2020. [PubMed Central:PMC7081834] [DOI:10.1038/s41580-018-0015-0]
[PubMed:29858604].

[10] J. Felipe Lima, S. Nofech-Mozes, J. Bayani, and J. M. Bartlett. EMT in
Breast Carcinoma-A Review. J Clin Med, 5(7), Jul 2016. [PubMed Cen-
tral:PMC3382593] [DOI:10.1371/journal.pone.0039520] [PubMed:22761812].

195



[11] E. Nowak and I. Bednarek. Aspects of the Epigenetic Regulation of EMT
Related to Cancer Metastasis. Cells, 10(12), Dec 2021. [PubMed Cen-
tral:PMC7904264] [DOI:10.1126/sciadv.abd7974] [PubMed:33627422].

[12] J. Liu, X. Sun, S. Qin, H. Wang, N. DU, Y. Li, Y. Pang, C. Wang, C. Xu, and
H. Ren. CDH1 promoter methylation correlates with decreased gene expression
and poor prognosis in patients with breast cancer.Oncol Lett, 11(4):2635�2643,
Apr 2016. [PubMed Central:PMC2907333] [DOI:10.1016/S0959-8049(00)00062-
9] [PubMed:10854942].

[13] C. H. Waddington and C. H. Waddington. The epigenotype. 1942.Int J Epi-
demiol, 41(1):10�13, Feb 2012. [DOI:10.1093/ije/dyr184] [PubMed:22186258].

[14] S. Sharma, T. K. Kelly, and P. A. Jones. Epigenetics in cancer.
Carcinogenesis, 31(1):27�36, Jan 2010. [PubMed Central:PMC3186068]
[DOI:10.1093/carcin/bgp220] [PubMed:19509260].

[15] R. Holliday. The inheritance of epigenetic defects.Science, 238(4824):163�170,
Oct 1987. [DOI:10.1126/science.3310230] [PubMed:3310230].

[16] C. B. Benton, W. Fiskus, and K. N. Bhalla. Targeting Histone Acetylation:
Readers and Writers in Leukemia and Cancer.Cancer J, 23(5):286�291, 2017.
[DOI:10.1097/PPO.0000000000000284] [PubMed:28926429].

[17] P. A. Jones and R. Martienssen. A blueprint for a Human Epigenome Project:
the AACR Human Epigenome Workshop. Cancer Res, 65(24):11241�11246,
Dec 2005. [DOI:10.1158/0008-5472.CAN-05-3865] [PubMed:16357125].

[18] J. E. Audia and R. M. Campbell. Histone Modi�cations and Cancer.
Cold Spring Harb Perspect Biol, 8(4):a019521, Apr 2016. [PubMed Cen-
tral:PMC3328300] [DOI:10.1101/cshperspect.a025064] [PubMed:21814200].

[19] K. Luger, A. W. der, R. K. Richmond, D. F. Sargent, and T. J. Richmond.
Crystal structure of the nucleosome core particle at 2.8 A resolution.Nature,
389(6648):251�260, Sep 1997. [DOI:10.1038/38444] [PubMed:9305837].

[20] T. Kouzarides. Chromatin modi�cations and their function. Cell, 128(4):693�
705, Feb 2007. [DOI:10.1016/j.cell.2007.02.005] [PubMed:17320507].

[21] S. Khorasanizadeh. The nucleosome: from genomic organization to genomic
regulation. Cell, 116(2):259�272, Jan 2004. [DOI:10.1016/s0092-8674(04)00044-
3] [PubMed:14744436].

196



[22] T. Jenuwein and C. D. Allis. Translating the histone code. Sci-
ence, 293(5532):1074�1080, Aug 2001. [DOI:10.1126/science.1063127]
[PubMed:11498575].

[23] J. A. Castro-Mondragon, M. R. Aure, O. C. rde, A. d, J. W. M. Martens,
A. L. rresen Dale, V. N. Kristensen, and A. Mathelier. Cis-regulatory mu-
tations associate with transcriptional and post-transcriptional deregulation of
gene regulatory programs in cancers.Nucleic Acids Res, 50(21):12131�12148,
Nov 2022. [PubMed Central:PMC6687891] [DOI:10.1101/2020.02.12.942755]
[PubMed:26789876].

[24] P. J. Wittkopp and G. Kalay. Cis-regulatory elements: molecular mechanisms
and evolutionary processes underlying divergence.Nat Rev Genet, 13(1):59�69,
Dec 2011. [DOI:10.1038/nrg3095] [PubMed:18303948].

[25] R. P. Brown and M. E. Feder. Reverse transcriptional pro�ling: non-
correspondence of transcript level variation and proximal promoter polymor-
phism. BMC Genomics, 6:110, Aug 2005. [PubMed Central:PMC170937]
[DOI:10.1126/science.287.5461.2185] [PubMed:10731132].

[26] L. K. Savinkova, M. P. Ponomarenko, P. M. Ponomarenko, I. A. Drachkova,
M. V. Lysova, T. V. Arshinova, and N. A. Kolchanov. TATA box polymor-
phisms in human gene promoters and associated hereditary pathologies.Bio-
chemistry (Mosc), 74(2):117�129, Feb 2009. [DOI:10.1134/s0006297909020011]
[PubMed:19267666].

[27] S. M. Lauberth, T. Nakayama, X. Wu, A. L. Ferris, Z. Tang, S. H. Hughes,
and R. G. Roeder. H3K4me3 interactions with TAF3 regulate preiniti-
ation complex assembly and selective gene activation.Cell, 152(5):1021�
1036, Feb 2013. [PubMed Central:PMC316542] [DOI:10.1016/j.cell.2013.01.052]
[PubMed:10783169].

[28] K. Chen, Z. Chen, D. Wu, L. Zhang, X. Lin, J. Su, B. Rodriguez, Y. Xi, Z. Xia,
X. Chen, X. Shi, Q. Wang, and W. Li. Broad H3K4me3 is associated with
increased transcription elongation and enhancer activity at tumor-suppressor
genes.Nat Genet, 47(10):1149�1157, Oct 2015. [PubMed Central:PMC3561875]
[DOI:10.1038/ng.3385] [PubMed:23193179].

[29] G. A. Wray. The evolutionary signi�cance of cis-regulatory mutations.Nat Rev
Genet, 8(3):206�216, Mar 2007. [DOI:10.1038/nrg2063] [PubMed:17304246].

[30] S. Ghisletti, I. Barozzi, F. Mietton, S. Polletti, F. De Santa, E. Venturini,
L. Gregory, L. Lonie, A. Chew, C. L. Wei, J. Ragoussis, and G. Natoli.

197



Identi�cation and characterization of enhancers controlling the in�ammatory
gene expression program in macrophages.Immunity, 32(3):317�328, Mar 2010.
[DOI:10.1016/j.immuni.2010.02.008] [PubMed:20206554].

[31] M. P. Creyghton, A. W. Cheng, G. G. Welstead, T. Kooistra, B. W. Carey,
E. J. Steine, J. Hanna, M. A. Lodato, G. M. Frampton, P. A. Sharp, L. A.
Boyer, R. A. Young, and R. Jaenisch. Histone H3K27ac separates active
from poised enhancers and predicts developmental state.Proc Natl Acad
Sci U S A, 107(50):21931�21936, Dec 2010. [PubMed Central:PMC3062476]
[DOI:10.1073/pnas.1016071107] [PubMed:20686566].

[32] E. Lavarone, C. M. Barbieri, and D. Pasini. Dissecting the role of H3K27
acetylation and methylation in PRC2 mediated control of cellular iden-
tity. Nat Commun, 10(1):1679, Apr 2019. [PubMed Central:PMC6092193]
[DOI:10.1093/bioinformatics/btw069] [PubMed:29930091].

[33] Y. Zhou, D. L. Gerrard, J. Wang, T. Li, Y. Yang, A. J. Fritz, M. Rajendran,
X. Fu, G. Stein, R. Schi�, S. Lin, S. Frietze, and V. X. Jin. Temporal dynamic
reorganization of 3D chromatin architecture in hormone-induced breast can-
cer and endocrine resistance.Nat Commun, 10(1):1522, Apr 2019. [PubMed
Central:PMC4302049] [DOI:10.1007/s10549-016-4013-7] [PubMed:27744485].

[34] D. Hnisz, B. J. Abraham, T. I. Lee, A. Lau, V. €’, A. A. Sigova, H. A.
Hoke, and R. A. Young. Super-enhancers in the control of cell identity and
disease. Cell, 155(4):934�947, Nov 2013. [PubMed Central:PMC9011918]
[DOI:10.1016/j.cell.2013.09.053] [PubMed:18754011].

[35] H. Huang, J. Hu, A. Maryam, Q. Huang, Y. Zhang, S. Ramakrishnan,
J. Li, H. Ma, V. W. S. Ma, W. Cheuk, G. Y. K. So, W. Wang, W. C. S.
Cho, L. Zhang, K. M. Chan, X. Wang, and Y. R. Chin. De�ning super-
enhancer landscape in triple-negative breast cancer by multiomic pro�l-
ing. Nat Commun, 12(1):2242, Apr 2021. [PubMed Central:PMC3051329]
[DOI:10.1093/bioinformatics/btr028] [PubMed:21258062].

[36] C. Beisel and R. Paro. Silencing chromatin: comparing modes and mech-
anisms. Nat Rev Genet, 12(2):123�135, Feb 2011. [DOI:10.1038/nrg2932]
[PubMed:17875665].

[37] J. S. Becker, D. Nicetto, and K. S. Zaret. H3K9me3-Dependent Hete-
rochromatin: Barrier to Cell Fate Changes. Trends Genet, 32(1):29�41,
Jan 2016. [PubMed Central:PMC4291075] [DOI:10.1016/j.tig.2015.11.001]
[PubMed:25126792].

198



[38] A. Sou�, G. Donahue, and K. S. Zaret. Facilitators and impediments
of the pluripotency reprogramming factors' initial engagement with the
genome. Cell, 151(5):994�1004, Nov 2012. [PubMed Central:PMC2592715]
[DOI:10.1016/j.cell.2012.09.045] [PubMed:18798982].

[39] R. C. Allshire and H. D. Madhani. Ten principles of heterochromatin
formation and function. Nat Rev Mol Cell Biol, 19(4):229�244, Apr
2018. [PubMed Central:PMC4205957] [DOI:10.1128/microbiolspec.MDNA3-
0003-2014] [PubMed:23329111].

[40] C. Thakur, B. Chen, L. Li, Q. Zhang, Z. Q. Yang, and F. Chen. Loss of
mdig expression enhances DNA and histone methylation and metastasis of ag-
gressive breast cancer.Signal Transduct Target Ther, 3:25, 2018. [PubMed
Central:PMC2760877] [DOI:10.1186/gb-2008-9-10-r150] [PubMed:18851746].

[41] N. Saksouk, E. Simboeck, and J. jardin. Constitutive heterochromatin forma-
tion and transcription in mammals.Epigenetics Chromatin, 8:3, 2015. [PubMed
Central:PMC3565466] [DOI:10.1186/1756-8935-8-3] [PubMed:21484447].

[42] D. Nicetto and K. S. Zaret. Role of H3K9me3 heterochromatin in cell
identity establishment and maintenance. Curr Opin Genet Dev, 55:1�10,
Apr 2019. [PubMed Central:PMC3747788] [DOI:10.1053/j.gastro.2019.01.041]
[PubMed:23744963].

[43] L. Monaghan, M. E. Massett, R. P. Bunschoten, A. Hoose, P. A. Pirvan, R. M. J.
Liskamp, H. G. rgensen, and X. Huang. The Emerging Role of H3K9me3
as a Potential Therapeutic Target in Acute Myeloid Leukemia. Front On-
col, 9:705, 2019. [PubMed Central:PMC4872087] [DOI:10.1093/nar/gkw089]
[PubMed:26893353].

[44] G. Gerlitz. The Emerging Roles of Heterochromatin in Cell Migra-
tion. Front Cell Dev Biol, 8:394, 2020. [PubMed Central:PMC4791424]
[DOI:10.1016/j.ydbio.2005.10.033] [PubMed:16313898].

[45] G. I. Dellino, Y. B. Schwartz, G. Farkas, D. McCabe, S. C. Elgin, and V. Pir-
rotta. Polycomb silencing blocks transcription initiation. Mol Cell, 13(6):887�
893, Mar 2004. [DOI:10.1016/s1097-2765(04)00128-5] [PubMed:15053881].

[46] P. Das and J. H. Taube. Regulating Methylation at H3K27: A Trick or Treat
for Cancer Cell Plasticity. Cancers (Basel), 12(10), Sep 2020. [PubMed Cen-
tral:PMC4257862] [DOI:10.1038/nm.3716] [PubMed:25401693].

199



[47] C. A. Day, E. H. Hinchcli�e, and J. P. Robinson. H3K27me3 in Di�use Midline
Glioma and Epithelial Ovarian Cancer: Opposing Epigenetic Changes Lead-
ing to the Same Poor Outcomes.Cells, 11(21), Oct 2022. [PubMed Cen-
tral:PMC6337846] [DOI:10.1139/o06-086] [PubMed:16936834].

[48] M. Ngollo, A. Lebert, M. Daures, G. Judes, K. Rifai, L. Dubois, J. L. Ke-
meny, F. Penault-Llorca, Y. J. Bignon, L. Guy, and D. Bernard-Gallon. Global
analysis of H3K27me3 as an epigenetic marker in prostate cancer progres-
sion. BMC Cancer, 17(1):261, Apr 2017. [PubMed Central:PMC2650415]
[DOI:10.1371/journal.pone.0004687] [PubMed:19262738].

[49] J. Marsolier, P. Prompsy, A. Durand, A. M. Lyne, C. Landragin, A. Trouchet,
S. T. Bento, A. Eisele, S. Foulon, L. Baudre, K. Grosselin, M. Bohec,
S. Baulande, A. Dahmani, L. Sourd, E. €’, A. V. Salomon, E. Marangoni,
L. €’, and C. Vallot. H3K27me3 conditions chemotolerance in triple-
negative breast cancer.Nat Genet, 54(4):459�468, Apr 2022. [PubMed Cen-
tral:PMC7611252] [DOI:10.1158/2159-8290.CD-20-0913] [PubMed:33846645].

[50] M. Hosogane, R. Funayama, Y. Nishida, T. Nagashima, and K. Nakayama.
Ras-induced changes in H3K27me3 occur after those in transcriptional activ-
ity. PLoS Genet, 9(8):e1003698, Aug 2013. [PubMed Central:PMC2705234]
[DOI:10.1371/journal.pgen.1003698] [PubMed:18516045].

[51] T. Fujisawa and P. Filippakopoulos. Functions of bromodomain-containing
proteins and their roles in homeostasis and cancer.Nat Rev Mol Cell Biol,
18(4):246�262, Apr 2017. [DOI:10.1038/nrm.2016.143] [PubMed:28053347].

[52] K. J. Huber-Keener, X. Liu, Z. Wang, Y. Wang, W. Freeman, S. Wu, M. D.
Planas-Silva, X. Ren, Y. Cheng, Y. Zhang, K. Vrana, C. G. Liu, J. M. Yang, and
R. Wu. Di�erential gene expression in tamoxifen-resistant breast cancer cells
revealed by a new analytical model of RNA-Seq data.PLoS One, 7(7):e41333,
2012. [PubMed Central:PMC3137633] [DOI:10.1371/journal.pone.0041333]
[PubMed:21789246].

[53] S. Muller, P. Filippakopoulos, and S. Knapp. Bromodomains as therapeutic
targets. Expert Rev Mol Med, 13:e29, Sep 2011. [PubMed Central:PMC2808954]
[DOI:10.1017/S1462399411001992] [PubMed:19892823].

[54] A. a, C. nez, and A. Pandiella. BET inhibitors as novel therapeutic agents
in breast cancer. Oncotarget, 8(41):71285�71291, Sep 2017. [PubMed Cen-
tral:PMC5117811] [DOI:10.1158/1535-7163.MCT-16-0475] [PubMed:27903752].

200



[55] Q. Jia, S. Chen, Y. Tan, Y. Li, and F. Tang. Oncogenic super-enhancer forma-
tion in tumorigenesis and its molecular mechanisms.Exp Mol Med, 52(5):713�
723, May 2020. [PubMed Central:PMC4745789] [DOI:10.1158/1541-7786.MCR-
19-0470] [PubMed:26337082].

[56] J. Ernst and M. Kellis. Discovery and characterization of chromatin states
for systematic annotation of the human genome.Nat Biotechnol, 28(8):817�
825, Aug 2010. [PubMed Central:PMC2785912] [DOI:10.1038/nbt.1662]
[PubMed:19128795].

[57] J. Ernst and M. Kellis. ChromHMM: automating chromatin-state discovery
and characterization. Nat Methods, 9(3):215�216, Feb 2012. [PubMed Cen-
tral:PMC186604] [DOI:10.1038/nmeth.1906] [PubMed:12045153].

[58] J. Ernst, P. Kheradpour, T. S. Mikkelsen, N. Shoresh, L. D. Ward, C. B. Ep-
stein, X. Zhang, L. Wang, R. Issner, M. Coyne, M. Ku, T. Durham, M. Kellis,
and B. E. Bernstein. Mapping and analysis of chromatin state dynamics in
nine human cell types. Nature, 473(7345):43�49, May 2011. [PubMed Cen-
tral:PMC2880011] [DOI:10.1038/nature09906] [PubMed:20519580].

[59] M. T. Maurano, R. Humbert, E. Rynes, R. E. Thurman, E. Haugen, H. Wang,
A. P. Reynolds, R. Sandstrom, H. Qu, J. Brody, A. Shafer, F. Neri, K. Lee,
T. Kutyavin, S. Stehling-Sun, A. K. Johnson, T. K. Can�eld, E. Giste,
M. Diegel, D. Bates, R. S. Hansen, S. Neph, P. J. Sabo, S. Heimfeld,
A. Raubitschek, S. Ziegler, C. Cotsapas, N. Sotoodehnia, I. Glass, S. R. Sun-
yaev, R. Kaul, and J. A. Stamatoyannopoulos. Systematic localization of com-
mon disease-associated variation in regulatory DNA.Science, 337(6099):1190�
1195, Sep 2012. [PubMed Central:PMC170937] [DOI:10.1126/science.1222794]
[PubMed:12883005].

[60] A. Kundaje, W. Meuleman, J. Ernst, M. Bilenky, A. Yen, A. Heravi-Moussavi,
P. Kheradpour, Z. Zhang, J. Wang, M. J. Ziller, V. Amin, J. W. Whitaker, M. D.
Schultz, L. D. Ward, A. Sarkar, G. Quon, R. S. Sandstrom, M. L. Eaton, Y. C.
Wu, A. R. Pfenning, X. Wang, M. Claussnitzer, Y. Liu, C. Coarfa, R. A. Har-
ris, N. Shoresh, C. B. Epstein, E. Gjoneska, D. Leung, W. Xie, R. D. Hawkins,
R. Lister, C. Hong, P. Gascard, A. J. Mungall, R. Moore, E. Chuah, A. Tam,
T. K. Can�eld, R. S. Hansen, R. Kaul, P. J. Sabo, M. S. Bansal, A. Carles, J. R.
Dixon, K. H. Farh, S. Feizi, R. Karlic, A. R. Kim, A. Kulkarni, D. Li, R. Low-
don, G. Elliott, T. R. Mercer, S. J. Neph, V. Onuchic, P. Polak, N. Rajagopal,
P. Ray, R. C. Sallari, K. T. Siebenthall, N. A. Sinnott-Armstrong, M. Stevens,
R. E. Thurman, J. Wu, B. Zhang, X. Zhou, A. E. Beaudet, L. A. Boyer, P. L.
De Jager, P. J. Farnham, S. J. Fisher, D. Haussler, S. J. Jones, W. Li, M. A.

201



Marra, M. T. McManus, S. Sunyaev, J. A. Thomson, T. D. Tlsty, L. H. Tsai,
W. Wang, R. A. Waterland, M. Q. Zhang, L. H. Chadwick, B. E. Bernstein,
J. F. Costello, J. R. Ecker, M. Hirst, A. Meissner, A. Milosavljevic, B. Ren,
J. A. Stamatoyannopoulos, T. Wang, M. Kellis, A. Kundaje, W. Meuleman,
J. Ernst, M. Bilenky, A. Yen, A. Heravi-Moussavi, P. Kheradpour, Z. Zhang,
J. Wang, M. J. Ziller, V. Amin, J. W. Whitaker, M. D. Schultz, L. D. Ward,
A. Sarkar, G. Quon, R. S. Sandstrom, M. L. Eaton, Y. C. Wu, A. Pfenning,
X. Wang, M. Claussnitzer, Y. Liu, C. Coarfa, R. A. Harris, N. Shoresh, C. B.
Epstein, E. Gjoneska, D. Leung, W. Xie, R. D. Hawkins, R. Lister, C. Hong,
P. Gascard, A. J. Mungall, R. Moore, E. Chuah, A. Tam, T. K. Can�eld, R. S.
Hansen, R. Kaul, P. J. Sabo, M. S. Bansal, A. Carles, J. R. Dixon, K. H. Farh,
S. Feizi, R. Karlic, A. R. Kim, A. Kulkarni, D. Li, R. Lowdon, G. Elliott, T. R.
Mercer, S. J. Neph, V. Onuchic, P. Polak, N. Rajagopal, P. Ray, R. C. Sal-
lari, K. T. Siebenthall, N. A. Sinnott-Armstrong, M. Stevens, R. E. Thurman,
J. Wu, B. Zhang, X. Zhou, N. Abdennur, M. Adli, M. Akerman, L. Barrera,
J. Antosiewicz-Bourget, T. Ballinger, M. J. Barnes, D. Bates, R. J. Bell, D. A.
Bennett, K. Bianco, C. Bock, P. Boyle, J. Brinchmann, P. Caballero-Campo,
R. Camahort, M. J. Carrasco-Alfonso, T. Charnecki, H. Chen, Z. Chen, J. B.
Cheng, S. Cho, A. Chu, W. Y. Chung, C. Cowan, Q. Athena Deng, V. Desh-
pande, M. Diegel, B. Ding, T. Durham, L. Echipare, L. Edsall, D. Flowers,
O. Genbacev-Krtolica, C. Gi�ord, S. Gillespie, E. Giste, I. A. Glass, A. Gnirke,
M. Gormley, H. Gu, J. Gu, D. A. Ha�er, M. J. Hangauer, M. Hariharan,
M. Hatan, E. Haugen, Y. He, S. Heimfeld, S. Herlofsen, Z. Hou, R. Hum-
bert, R. Issner, A. R. Jackson, H. Jia, P. Jiang, A. K. Johnson, T. Kadlecek,
B. Kamoh, M. Kapidzic, J. Kent, A. Kim, M. Kleinewietfeld, S. Klugman,
J. Krishnan, S. Kuan, T. Kutyavin, A. Y. Lee, K. Lee, J. Li, N. Li, Y. Li, K. L.
Ligon, S. Lin, Y. Lin, J. Liu, Y. Liu, C. J. Luckey, Y. P. Ma, C. Maire, A. Mar-
son, J. S. Mattick, M. Mayo, M. McMaster, H. Metsky, T. Mikkelsen, D. Miller,
M. Miri, E. Mukamel, R. P. Nagarajan, F. Neri, J. Nery, T. Nguyen, H. O'Geen,
S. Paithankar, T. Papayannopoulou, M. Pelizzola, P. Plettner, N. E. Propson,
S. Raghuraman, B. J. Raney, A. Raubitschek, A. P. Reynolds, H. Richards,
K. Riehle, P. Rinaudo, J. F. Robinson, N. B. Rockweiler, E. Rosen, E. Rynes,
J. Schein, R. Sears, T. Sejnowski, A. Shafer, L. Shen, R. Shoemaker, M. Sigarou-
dinia, I. Slukvin, S. Stehling-Sun, R. Stewart, S. L. Subramanian, K. Suknun-
tha, S. Swanson, S. Tian, H. Tilden, L. Tsai, M. Urich, I. Vaughn, J. Vierstra,
S. Vong, U. Wagner, H. Wang, T. Wang, Y. Wang, A. Weiss, H. Whitton,
A. Wildberg, H. Witt, K. J. Won, M. Xie, X. Xing, I. Xu, Z. Xuan, Z. Ye,
C. A. Yen, P. Yu, X. Zhang, X. Zhang, J. Zhao, Y. Zhou, J. Zhu, Y. Zhu,
S. Ziegler, A. E. Beaudet, L. A. Boyer, P. L. De Jager, P. J. Farnham, S. J.
Fisher, D. Haussler, S. J. Jones, W. Li, M. A. Marra, M. T. McManus, S. Sun-

202



yaev, J. A. Thomson, T. D. Tlsty, L. H. Tsai, W. Wang, R. A. Waterland, M. Q.
Zhang, L. H. Chadwick, B. E. Bernstein, J. F. Costello, J. R. Ecker, M. Hirst,
A. Meissner, A. Milosavljevic, B. Ren, J. A. Stamatoyannopoulos, T. Wang,
M. Kellis, B. E. Bernstein, J. F. Costello, J. R. Ecker, M. Hirst, A. Meissner,
A. Milosavljevic, B. Ren, J. A. Stamatoyannopoulos, T. Wang, and M. Kellis.
Integrative analysis of 111 reference human epigenomes.Nature, 518(7539):317�
330, Feb 2015. [PubMed Central:PMC308803] [DOI:10.1016/j.csda.2005.10.006]
[PubMed:14681482].

[61] M. Claussnitzer, S. N. Dankel, K. H. Kim, G. Quon, W. Meuleman, C. Hau-
gen, V. Glunk, I. S. Sousa, J. L. Beaudry, V. Puviindran, N. A. Abdennur,
J. Liu, P. A. Svensson, Y. H. Hsu, D. J. Drucker, G. Mellgren, C. C. Hui,
H. Hauner, and M. Kellis. FTO Obesity Variant Circuitry and Adipocyte
Browning in Humans. N Engl J Med, 373(10):895�907, Sep 2015. [PubMed
Central:PMC4188449] [DOI:10.1056/NEJMoa1502214] [PubMed:24247219].

[62] P. Ebert and M. H. Schulz. Fast detection of di�erential chromatin domains
with SCIDDO. Bioinformatics, 37(9):1198�1205, Jun 2021. [PubMed Cen-
tral:PMC4155259] [DOI:10.1093/bioinformatics/btaa960] [PubMed:24894502].

[63] M. Koutrouli, E. Karatzas, D. Paez-Espino, and G. A. Pavlopoulos.
A Guide to Conquer the Biological Network Era Using Graph The-
ory. Front Bioeng Biotechnol, 8:34, 2020. [PubMed Central:PMC6471543]
[DOI:10.1109/TST.2013.6509098] [PubMed:30875752].

[64] N. re, M. Hucka, H. Mi, S. Moodie, F. Schreiber, A. Sorokin, E. Demir, K. Weg-
ner, M. I. Aladjem, S. M. Wimalaratne, F. T. Bergman, R. Gauges, P. Ghazal,
H. Kawaji, L. Li, Y. Matsuoka, A. ger, S. E. Boyd, L. Calzone, M. Courtot,
U. Dogrusoz, T. C. Freeman, A. Funahashi, S. Ghosh, A. Jouraku, S. Kim,
F. Kolpakov, A. Luna, S. Sahle, E. Schmidt, S. Watterson, G. Wu, I. Goryanin,
D. B. Kell, C. Sander, H. Sauro, J. L. Snoep, K. Kohn, and H. Kitano. The
Systems Biology Graphical Notation.Nat Biotechnol, 27(8):735�741, Aug 2009.
[DOI:10.1038/nbt.1558] [PubMed:18433497].

[65] P. Carninci, T. Kasukawa, S. Katayama, J. Gough, M. C. Frith, N. Maeda,
R. Oyama, T. Ravasi, B. Lenhard, C. Wells, R. Kodzius, K. Shimokawa, V. B.
Bajic, S. E. Brenner, S. Batalov, A. R. Forrest, M. Zavolan, M. J. Davis,
L. G. Wilming, V. Aidinis, J. E. Allen, A. Ambesi-Impiombato, R. Apweiler,
R. N. Aturaliya, T. L. Bailey, M. Bansal, L. Baxter, K. W. Beisel, T. Bersano,
H. Bono, A. M. Chalk, K. P. Chiu, V. Choudhary, A. Christo�els, D. R. Clut-
terbuck, M. L. Crowe, E. Dalla, B. P. Dalrymple, B. de Bono, G. Della Gatta,
D. di Bernardo, T. Down, P. Engstrom, M. Fagiolini, G. Faulkner, C. F.

203



Fletcher, T. Fukushima, M. Furuno, S. Futaki, M. Gariboldi, P. Georgii-
Hemming, T. R. Gingeras, T. Gojobori, R. E. Green, S. Gustincich, M. Har-
bers, Y. Hayashi, T. K. Hensch, N. Hirokawa, D. Hill, L. Huminiecki, M. Ia-
cono, K. Ikeo, A. Iwama, T. Ishikawa, M. Jakt, A. Kanapin, M. Katoh,
Y. Kawasawa, J. Kelso, H. Kitamura, H. Kitano, G. Kollias, S. P. Krishnan,
A. Kruger, S. K. Kummerfeld, I. V. Kurochkin, L. F. Lareau, D. Lazarevic,
L. Lipovich, J. Liu, S. Liuni, S. McWilliam, M. Madan Babu, M. Madera,
L. Marchionni, H. Matsuda, S. Matsuzawa, H. Miki, F. Mignone, S. Miyake,
K. Morris, S. Mottagui-Tabar, N. Mulder, N. Nakano, H. Nakauchi, P. Ng,
R. Nilsson, S. Nishiguchi, S. Nishikawa, F. Nori, O. Ohara, Y. Okazaki, V. Or-
lando, K. C. Pang, W. J. Pavan, G. Pavesi, G. Pesole, N. Petrovsky, S. Pi-
azza, J. Reed, J. F. Reid, B. Z. Ring, M. Ringwald, B. Rost, Y. Ruan, S. L.
Salzberg, A. Sandelin, C. Schneider, C. nbach, K. Sekiguchi, C. A. Semple,
S. Seno, L. Sessa, Y. Sheng, Y. Shibata, H. Shimada, K. Shimada, D. Silva,
B. Sinclair, S. Sperling, E. Stupka, K. Sugiura, R. Sultana, Y. Takenaka,
K. Taki, K. Tammoja, S. L. Tan, S. Tang, M. S. Taylor, J. Tegner, S. A.
Teichmann, H. R. Ueda, E. van Nimwegen, R. Verardo, C. L. Wei, K. Yagi,
H. Yamanishi, E. Zabarovsky, S. Zhu, A. Zimmer, W. Hide, C. Bult, S. M.
Grimmond, R. D. Teasdale, E. T. Liu, V. Brusic, J. Quackenbush, C. Wahlest-
edt, J. S. Mattick, D. A. Hume, C. Kai, D. Sasaki, Y. Tomaru, S. Fukuda,
M. Kanamori-Katayama, M. Suzuki, J. Aoki, T. Arakawa, J. Iida, K. Ima-
mura, M. Itoh, T. Kato, H. Kawaji, N. Kawagashira, T. Kawashima, M. Ko-
jima, S. Kondo, H. Konno, K. Nakano, N. Ninomiya, T. Nishio, M. Okada,
C. Plessy, K. Shibata, T. Shiraki, S. Suzuki, M. Tagami, K. Waki, A. Watahiki,
Y. Okamura-Oho, H. Suzuki, J. Kawai, and Y. Hayashizaki. The transcriptional
landscape of the mammalian genome.Science, 309(5740):1559�1563, Sep 2005.
[DOI:10.1126/science.1112014] [PubMed:16141072].

[66] R. Linding, L. J. Jensen, A. Pasculescu, M. Olhovsky, K. Colwill, P. Bork,
M. B. Ya�e, and T. Pawson. NetworKIN: a resource for exploring cellu-
lar phosphorylation networks. Nucleic Acids Res, 36(Database issue):D695�
699, Jan 2008. [PubMed Central:PMC146917] [DOI:10.1093/nar/gkm902]
[PubMed:17320507].

[67] A. zquez, R. Dobrin, D. Sergi, J. P. Eckmann, Z. N. Oltvai, and A. L. si. The
topological relationship between the large-scale attributes and local interaction
patterns of complex networks.Proc Natl Acad Sci U S A, 101(52):17940�17945,
Dec 2004. [PubMed Central:PMC122861] [DOI:10.1073/pnas.0406024101]
[PubMed:11972019].

204



[68] T. I. Lee, N. J. Rinaldi, F. Robert, D. T. Odom, Z. Bar-Joseph, G. K. Gerber,
N. M. Hannett, C. T. Harbison, C. M. Thompson, I. Simon, J. Zeitlinger, E. G.
Jennings, H. L. Murray, D. B. Gordon, B. Ren, J. J. Wyrick, J. B. Tagne,
T. L. Volkert, E. Fraenkel, D. K. Gi�ord, and R. A. Young. Transcriptional
regulatory networks in Saccharomyces cerevisiae.Science, 298(5594):799�804,
Oct 2002. [DOI:10.1126/science.1075090] [PubMed:12399584].

[69] J. A. Castro-Mondragon, R. Riudavets-Puig, I. Rauluseviciute, R. B. Lemma,
L. Turchi, R. Blanc-Mathieu, J. Lucas, P. Boddie, A. Khan, N. rez, O. Fornes,
T. Y. Leung, A. Aguirre, F. Hammal, D. Schmelter, D. Baranasic, B. Ballester,
A. Sandelin, B. Lenhard, K. Vandepoele, W. W. Wasserman, F. Parcy, and
A. Mathelier. JASPAR 2022: the 9th release of the open-access database of
transcription factor binding pro�les. Nucleic Acids Res, 50(D1):D165�D173,
Jan 2022. [PubMed Central:PMC6777348] [DOI:10.5281/zenodo.5062370]
[PubMed:31138913].

[70] E. Wingender, P. Dietze, H. Karas, and R. ppel. TRANSFAC: a database on
transcription factors and their DNA binding sites.Nucleic Acids Res, 24(1):238�
241, Jan 1996. [PubMed Central:PMC145586] [DOI:10.1093/nar/24.1.238]
[PubMed:1738600].

[71] H. Dinkel, C. Chica, A. Via, C. M. Gould, L. J. Jensen, T. J. Gibson, and
F. Diella. Phospho.ELM: a database of phosphorylation sites�update 2011.
Nucleic Acids Res, 39(Database issue):D261�267, Jan 2011. [PubMed Cen-
tral:PMC2686431] [DOI:10.1093/nar/gkq1104] [PubMed:17079133].

[72] F. Gnad, J. Gunawardena, and M. Mann. PHOSIDA 2011: the posttransla-
tional modi�cation database. Nucleic Acids Res, 39(Database issue):D253�
260, Jan 2011. [PubMed Central:PMC2728972] [DOI:10.1093/nar/gkq1159]
[PubMed:19666589].

[73] V. S. Rao, K. Srinivas, G. N. Sujini, and G. N. Kumar. Protein-protein inter-
action detection: methods and analysis. Int J Proteomics, 2014:147648,
2014. [PubMed Central:PMC1933131] [DOI:10.1155/2014/147648]
[PubMed:17485473].

[74] R. Oughtred, C. Stark, B. J. Breitkreutz, J. Rust, L. Boucher, C. Chang, N. Ko-
las, L. O'Donnell, G. Leung, R. McAdam, F. Zhang, S. Dolma, A. Willems,
J. Coulombe-Huntington, A. Chatr-Aryamontri, K. Dolinski, and M. Tyers. The
BioGRID interaction database: 2019 update.Nucleic Acids Res, 47(D1):D529�
D541, Jan 2019. [PubMed Central:PMC5975956] [DOI:10.1093/nar/gky1079]
[PubMed:26729913].

205



[75] A. Chatr-aryamontri, A. Ceol, L. M. Palazzi, G. Nardelli, M. V. Schneider,
L. Castagnoli, and G. Cesareni. MINT: the Molecular INTeraction database.
Nucleic Acids Res, 35(Database issue):D572�574, Jan 2007. [PubMed Cen-
tral:PMC1866386] [DOI:10.1093/nar/gkl950] [PubMed:16351748].

[76] G. D. Bader, D. Betel, and C. W. Hogue. BIND: the Biomolecular Interaction
Network Database. Nucleic Acids Res, 31(1):248�250, Jan 2003. [PubMed
Central:PMC138791] [DOI:10.1093/nar/gkg056] [PubMed:12401134].

[77] I. Xenarios, D. W. Rice, L. Salwinski, M. K. Baron, E. M. Marcotte,
and D. Eisenberg. DIP: the database of interacting proteins. Nu-
cleic Acids Res, 28(1):289�291, Jan 2000. [PubMed Central:PMC24612]
[DOI:10.1093/nar/28.1.289] [PubMed:10786287].

[78] N. Del Toro, A. Shrivastava, E. Ragueneau, B. Meldal, C. Combe, E. Bar-
rera, L. Perfetto, K. How, P. Ratan, G. Shirodkar, O. Lu, B. ros, X. Watkins,
S. Pundir, L. Licata, M. Iannuccelli, M. Pellegrini, M. J. Martin, S. Panni,
M. Duesbury, S. D. Vallet, J. Rappsilber, S. Ricard-Blum, G. Cesareni, L. Sal-
winski, S. Orchard, P. Porras, K. Panneerselvam, and H. Hermjakob. The
IntAct database: e�cient access to �ne-grained molecular interaction data.Nu-
cleic Acids Res, 50(D1):D648�D653, Jan 2022. [PubMed Central:PMC4316181]
[DOI:10.1093/nar/gkab1006] [PubMed:25652942].

[79] D. Szklarczyk, R. Kirsch, M. Koutrouli, K. Nastou, F. Mehryary, R. Hachilif,
A. L. Gable, T. Fang, N. T. Doncheva, S. Pyysalo, P. Bork, L. J. Jensen,
and C. von Mering. The STRING database in 2023: protein-protein associ-
ation networks and functional enrichment analyses for any sequenced genome
of interest. Nucleic Acids Res, 51(D1):D638�D646, Jan 2023. [PubMed Cen-
tral:PMC5787041] [DOI:10.1101/2022.07.06.499022] [PubMed:14755292].

[80] S. Peri, J. D. Navarro, T. Z. Kristiansen, R. Amanchy, V. Surendranath,
B. Muthusamy, T. K. Gandhi, K. N. Chandrika, N. Deshpande, S. Suresh, B. P.
Rashmi, K. Shanker, N. Padma, V. Niranjan, H. C. Harsha, N. Talreja, B. M.
Vrushabendra, M. A. Ramya, A. J. Yatish, M. Joy, H. N. Shivashankar, M. P.
Kavitha, M. Menezes, D. R. Choudhury, N. Ghosh, R. Saravana, S. Chandran,
S. Mohan, C. K. Jonnalagadda, C. K. Prasad, C. Kumar-Sinha, K. S. Desh-
pande, and A. Pandey. Human protein reference database as a discovery re-
source for proteomics.Nucleic Acids Res, 32(Database issue):497�501, Jan 2004.
[PubMed Central:PMC58584] [DOI:10.1093/nar/gkh070] [PubMed:11667947].

[81] V. Spirin and L. A. Mirny. Protein complexes and functional modules
in molecular networks. Proc Natl Acad Sci U S A, 100(21):12123�12128,

206



Oct 2003. [PubMed Central:PMC137849] [DOI:10.1073/pnas.2032324100]
[PubMed:12384571].

[82] B. Ren, F. Robert, J. J. Wyrick, O. Aparicio, E. G. Jennings, I. Simon,
J. Zeitlinger, J. Schreiber, N. Hannett, E. Kanin, T. L. Volkert, C. J.
Wilson, S. P. Bell, and R. A. Young. Genome-wide location and func-
tion of DNA binding proteins. Science, 290(5500):2306�2309, Dec 2000.
[DOI:10.1126/science.290.5500.2306] [PubMed:11125145].

[83] D. S. Johnson, A. Mortazavi, R. M. Myers, and B. Wold. Genome-wide mapping
of in vivo protein-DNA interactions. Science, 316(5830):1497�1502, Jun 2007.
[DOI:10.1126/science.1141319] [PubMed:17540862].

[84] G. Robertson, M. Hirst, M. Bainbridge, M. Bilenky, Y. Zhao, T. Zeng, G. Eu-
skirchen, B. Bernier, R. Varhol, A. Delaney, N. Thiessen, O. L. Gri�th, A. He,
M. Marra, M. Snyder, and S. Jones. Genome-wide pro�les of STAT1 DNA
association using chromatin immunoprecipitation and massively parallel se-
quencing. Nat Methods, 4(8):651�657, Aug 2007. [DOI:10.1038/nmeth1068]
[PubMed:17558387].

[85] C. D. Allis and T. Jenuwein. The molecular hallmarks of epigenetic con-
trol. Nat Rev Genet, 17(8):487�500, Aug 2016. [DOI:10.1038/nrg.2016.59]
[PubMed:25085914].

[86] F. Grubert, R. Srivas, D. V. Spacek, M. Kasowski, M. Ruiz-Velasco, N. Sinnott-
Armstrong, P. Greenside, A. Narasimha, Q. Liu, B. Geller, A. Sanghi,
M. Kulik, S. Sa, M. Rabinovitch, A. Kundaje, S. Dalton, J. B. Zaugg, and
M. Snyder. Landscape of cohesin-mediated chromatin loops in the human
genome.Nature, 583(7818):737�743, Jul 2020. [PubMed Central:PMC3771521]
[DOI:10.1038/s41586-020-2151-x] [PubMed:22955828].

[87] I. Dunham, A. Kundaje, S. F. Aldred, P. J. Collins, C. A. Davis, F. Doyle,
C. B. Epstein, S. Frietze, J. Harrow, R. Kaul, J. Khatun, B. R. Lajoie, S. G.
Landt, B. K. Lee, F. Pauli, K. R. Rosenbloom, P. Sabo, A. Sa�, A. Sanyal,
N. Shoresh, J. M. Simon, L. Song, N. D. Trinklein, R. C. Altshuler, E. Bir-
ney, J. B. Brown, C. Cheng, S. Djebali, X. Dong, I. Dunham, J. Ernst, T. S.
Furey, M. Gerstein, B. Giardine, M. Greven, R. C. Hardison, R. S. Harris,
J. Herrero, M. M. Ho�man, S. Iyer, M. Kellis, J. Khatun, P. Kheradpour,
A. Kundaje, T. Lassmann, Q. Li, X. Lin, G. K. Marinov, A. Merkel, A. Mor-
tazavi, S. C. Parker, T. E. Reddy, J. Rozowsky, F. Schlesinger, R. E. Thurman,
J. Wang, L. D. Ward, T. W. Whit�eld, S. P. Wilder, W. Wu, H. S. Xi, K. Y.
Yip, J. Zhuang, M. J. Pazin, R. F. Lowdon, L. A. Dillon, L. B. Adams, C. J.

207



Kelly, J. Zhang, J. R. Wexler, E. D. Green, P. J. Good, E. A. Feingold, B. E.
Bernstein, E. Birney, G. E. Crawford, J. Dekker, L. Elnitski, P. J. Farnham,
M. Gerstein, M. C. Giddings, T. R. Gingeras, E. D. Green, R. €ª, R. C. Hardi-
son, T. J. Hubbard, M. Kellis, W. Kent, J. D. Lieb, E. H. Margulies, R. M.
Myers, M. Snyder, J. A. Stamatoyannopoulos, S. A. Tenenbaum, Z. Weng, K. P.
White, B. Wold, J. Khatun, Y. Yu, J. Wrobel, B. A. Risk, H. P. Gunawardena,
H. C. Kuiper, C. W. Maier, L. Xie, X. Chen, M. C. Giddings, B. E. Bern-
stein, C. B. Epstein, N. Shoresh, J. Ernst, P. Kheradpour, T. S. Mikkelsen,
S. Gillespie, A. Goren, O. Ram, X. Zhang, L. Wang, R. Issner, M. J. Coyne,
T. Durham, M. Ku, T. Truong, L. D. Ward, R. C. Altshuler, M. L. Eaton,
M. Kellis, S. Djebali, C. A. Davis, A. Merkel, A. Dobin, T. Lassmann, A. Mor-
tazavi, A. Tanzer, J. Lagarde, W. Lin, F. Schlesinger, C. Xue, G. K. Marinov,
J. Khatun, B. A. Williams, C. Zaleski, J. Rozowsky, M. der, F. Kokocinski, R. F.
Abdelhamid, T. Alioto, I. Antoshechkin, M. T. Baer, P. Batut, I. Bell, K. Bell,
S. Chakrabortty, X. Chen, J. Chrast, J. Curado, T. Derrien, J. Drenkow, E. Du-
mais, J. Dumais, R. Duttagupta, M. Fastuca, K. Fejes-Toth, P. Ferreira, S. Fois-
sac, M. J. Fullwood, H. Gao, D. Gonzalez, A. Gordon, H. P. Gunawardena,
C. Howald, S. Jha, R. Johnson, P. Kapranov, B. King, C. Kingswood, G. Li,
O. J. Luo, E. Park, J. B. Preall, K. Presaud, P. Ribeca, B. A. Risk, D. Robyr,
X. Ruan, M. Sammeth, K. S. Sandhu, L. Schae�er, L. H. See, A. Shahab,
J. Skancke, A. M. Suzuki, H. Takahashi, H. Tilgner, D. Trout, N. Walters,
H. Wang, J. Wrobel, Y. Yu, Y. Hayashizaki, J. Harrow, M. Gerstein, T. J. Hub-
bard, A. Reymond, S. E. Antonarakis, G. J. Hannon, M. C. Giddings, Y. Ruan,
B. Wold, P. Carninci, R. €ª, T. R. Gingeras, K. R. Rosenbloom, C. A. Sloan,
K. Learned, V. S. Malladi, M. C. Wong, G. P. Barber, M. S. Cline, T. R. Dreszer,
S. G. Heitner, D. Karolchik, W. Kent, V. M. Kirkup, L. R. Meyer, J. C. Long,
M. Maddren, B. J. Raney, T. S. Furey, L. Song, L. L. Grasfeder, P. G. Giresi,
B. K. Lee, A. Battenhouse, N. C. She�eld, J. M. Simon, K. A. Showers, A. Sa�,
D. London, A. A. Bhinge, C. Shestak, M. R. Schaner, S. K. Kim, Z. Z. Zhang,
P. A. Mieczkowski, J. O. Mieczkowska, Z. Liu, R. M. McDaniell, Y. Ni, N. U.
Rashid, M. J. Kim, S. Adar, Z. Zhang, T. Wang, D. Winter, D. Keefe, E. Bir-
ney, V. R. Iyer, J. D. Lieb, G. E. Crawford, G. Li, K. S. Sandhu, M. Zheng,
P. Wang, O. J. Luo, A. Shahab, M. J. Fullwood, X. Ruan, Y. Ruan, R. M.
Myers, F. Pauli, B. A. Williams, J. Gertz, G. K. Marinov, T. E. Reddy, J. Viel-
metter, E. Partridge, D. Trout, K. E. Varley, C. Gasper, A. Bansal, S. Pepke,
P. Jain, H. Amrhein, K. M. Bowling, M. Anaya, M. K. Cross, B. King, M. A.
Muratet, I. Antoshechkin, K. M. Newberry, K. McCue, A. S. Nesmith, K. I.
Fisher-Aylor, B. Pusey, G. DeSalvo, S. L. Parker, S. Balasubramanian, N. S.
Davis, S. K. Meadows, T. Eggleston, C. Gunter, J. Newberry, S. E. Levy, D. M.
Absher, A. Mortazavi, W. H. Wong, B. Wold, M. J. Blow, A. Visel, L. A.

208



Pennachio, L. Elnitski, E. H. Margulies, S. C. Parker, H. M. Petrykowska,
A. Abyzov, B. Aken, D. Barrell, G. Barson, A. Berry, A. Bignell, V. Boy-
chenko, G. Bussotti, J. Chrast, C. Davidson, T. Derrien, G. Despacio-Reyes,
M. Diekhans, I. Ezkurdia, A. Frankish, J. Gilbert, J. M. Gonzalez, E. Gri�ths,
R. Harte, D. A. Hendrix, C. Howald, T. Hunt, I. Jungreis, M. Kay, E. Khu-
rana, F. Kokocinski, J. Leng, M. F. Lin, J. Loveland, Z. Lu, D. Manthravadi,
M. Mariotti, J. Mudge, G. Mukherjee, C. Notredame, B. Pei, J. M. Rodriguez,
G. Saunders, A. Sboner, S. Searle, C. Sisu, C. Snow, C. Steward, A. Tanzer,
E. Tapanari, M. L. Tress, M. J. van Baren, N. Walters, S. Washietl, L. Wilming,
A. Zadissa, Z. Zhang, M. Brent, D. Haussler, M. Kellis, A. Valencia, M. Ger-
stein, A. Reymond, R. €ª, J. Harrow, T. J. Hubbard, S. G. Landt, S. Frietze,
A. Abyzov, N. Addleman, R. P. Alexander, R. K. Auerbach, S. Balasubrama-
nian, K. Bettinger, N. Bhardwaj, A. P. Boyle, A. R. Cao, P. Cayting, A. Charos,
Y. Cheng, C. Cheng, C. Eastman, G. Euskirchen, J. D. Fleming, F. Grubert,
L. Habegger, M. Hariharan, A. Harmanci, S. Iyengar, V. X. Jin, K. J. Kar-
czewski, M. Kasowski, P. Lacroute, H. Lam, N. Lamarre-Vincent, J. Leng,
J. Lian, M. Lindahl-Allen, R. Min, B. Miotto, H. Monahan, Z. Moqtaderi, X. J.
Mu, H. O'Geen, Z. Ouyang, D. Patacsil, B. Pei, D. Raha, L. Ramirez, B. Reed,
J. Rozowsky, A. Sboner, M. Shi, C. Sisu, T. Slifer, H. Witt, L. Wu, X. Xu, K. K.
Yan, X. Yang, K. Y. Yip, Z. Zhang, K. Struhl, S. M. Weissman, M. Gerstein,
P. J. Farnham, M. Snyder, S. A. Tenenbaum, L. O. Penalva, F. Doyle, S. Kar-
makar, S. G. Landt, R. R. Bhanvadia, A. Choudhury, M. Domanus, L. Ma,
J. Moran, D. Patacsil, T. Slifer, A. Victorsen, X. Yang, M. Snyder, T. Auer,
L. Centanin, M. Eichenlaub, F. Gruhl, S. Heermann, B. Hoeckendorf, D. Inoue,
T. Kellner, S. Kirchmaier, C. Mueller, R. Reinhardt, L. Schertel, S. Schneider,
R. Sinn, B. Wittbrodt, J. Wittbrodt, Z. Weng, T. W. Whit�eld, J. Wang, P. J.
Collins, S. F. Aldred, N. D. Trinklein, E. C. Partridge, R. M. Myers, J. Dekker,
G. Jain, B. R. Lajoie, A. Sanyal, G. Balasundaram, D. L. Bates, R. Byron, T. K.
Can�eld, M. J. Diegel, D. Dunn, A. K. Ebersol, T. Frum, K. Garg, E. Gist,
R. Hansen, L. Boatman, E. Haugen, R. Humbert, G. Jain, A. K. Johnson,
E. M. Johnson, T. V. Kutyavin, B. R. Lajoie, K. Lee, D. Lotakis, M. T. Mau-
rano, S. J. Neph, F. V. Neri, E. D. Nguyen, H. Qu, A. P. Reynolds, V. Roach,
E. Rynes, P. Sabo, M. E. Sanchez, R. S. Sandstrom, A. Sanyal, A. O. Shafer,
A. B. Stergachis, S. Thomas, R. E. Thurman, B. Vernot, J. Vierstra, S. Vong,
H. Wang, M. A. Weaver, Y. Yan, M. Zhang, J. M. Akey, M. Bender, M. O.
Dorschner, M. Groudine, M. J. MacCoss, P. Navas, G. Stamatoyannopoulos,
R. Kaul, J. Dekker, J. A. Stamatoyannopoulos, I. Dunham, K. Beal, A. Brazma,
P. Flicek, J. Herrero, N. Johnson, D. Keefe, M. Lukk, N. M. Luscombe, D. So-
bral, J. M. Vaquerizas, S. P. Wilder, S. Batzoglou, A. Sidow, N. Hussami,
S. Kyriazopoulou-Panagiotopoulou, M. W. Libbrecht, M. A. Schaub, A. Kun-

209



daje, R. C. Hardison, W. Miller, B. Giardine, R. S. Harris, W. Wu, P. J. Bickel,
B. Banfai, N. P. Boley, J. B. Brown, H. Huang, Q. Li, J. J. Li, W. S. Noble,
J. A. Bilmes, O. J. Buske, M. M. Ho�man, A. D. Sahu, P. V. Kharchenko,
P. J. Park, D. Baker, J. Taylor, Z. Weng, S. Iyer, X. Dong, M. Greven, X. Lin,
J. Wang, H. S. Xi, J. Zhuang, M. Gerstein, R. P. Alexander, S. Balasubrama-
nian, C. Cheng, A. Harmanci, L. Lochovsky, R. Min, X. J. Mu, J. Rozowsky,
K. K. Yan, K. Y. Yip, and E. Birney. An integrated encyclopedia of DNA
elements in the human genome.Nature, 489(7414):57�74, Sep 2012. [PubMed
Central:PMC3890430] [DOI:10.1038/nature08795] [PubMed:20164927].

[88] Y. Luo, B. C. Hitz, I. Gabdank, J. A. Hilton, M. S. Kagda, B. Lam, Z. My-
ers, P. Sud, J. Jou, K. Lin, U. K. Baymuradov, K. Graham, C. Litton, S. R.
Miyasato, J. S. Strattan, O. Jolanki, J. W. Lee, F. Y. Tanaka, P. Adenekan,
E. O'Neill, and J. M. Cherry. New developments on the Encyclopedia of
DNA Elements (ENCODE) data portal. Nucleic Acids Res, 48(D1):D882�
D889, Jan 2020. [PubMed Central:PMC5389787] [DOI:10.1093/nar/gkz1062]
[PubMed:28403240].

[89] Y. L. Jung, L. J. Luquette, J. W. Ho, F. Ferrari, M. Tolstorukov,
A. Minoda, R. Issner, C. B. Epstein, G. H. Karpen, M. I. Kuroda, and
P. J. Park. Impact of sequencing depth in ChIP-seq experiments.Nu-
cleic Acids Res, 42(9):e74, May 2014. [PubMed Central:PMC3324942]
[DOI:10.1093/nar/gku178] [PubMed:20085705].

[90] S. G. Landt, G. K. Marinov, A. Kundaje, P. Kheradpour, F. Pauli, S. Bat-
zoglou, B. E. Bernstein, P. Bickel, J. B. Brown, P. Cayting, Y. Chen, G. De-
Salvo, C. Epstein, K. I. Fisher-Aylor, G. Euskirchen, M. Gerstein, J. Gertz,
A. J. Hartemink, M. M. Ho�man, V. R. Iyer, Y. L. Jung, S. Karmakar, M. Kel-
lis, P. V. Kharchenko, Q. Li, T. Liu, X. S. Liu, L. Ma, A. Milosavljevic, R. M.
Myers, P. J. Park, M. J. Pazin, M. D. Perry, D. Raha, T. E. Reddy, J. Ro-
zowsky, N. Shoresh, A. Sidow, M. Slattery, J. A. Stamatoyannopoulos, M. Y.
Tolstorukov, K. P. White, S. Xi, P. J. Farnham, J. D. Lieb, B. J. Wold, and
M. Snyder. ChIP-seq guidelines and practices of the ENCODE and modEN-
CODE consortia. Genome Res, 22(9):1813�1831, Sep 2012. [PubMed Cen-
tral:PMC2824807] [DOI:10.1101/gr.136184.111] [PubMed:20174564].

[91] P. Hansen, J. Hecht, D. M. Ibrahim, A. Krannich, M. Truss, and P. N. Robin-
son. Saturation analysis of ChIP-seq data for reproducible identi�cation of
binding peaks. Genome Res, 25(9):1391�1400, Sep 2015. [PubMed Cen-
tral:PMC2592715] [DOI:10.1101/gr.189894.115] [PubMed:18798982].

210



[92] P. V. Kharchenko, M. Y. Tolstorukov, and P. J. Park. Design and analysis of
ChIP-seq experiments for DNA-binding proteins.Nat Biotechnol, 26(12):1351�
1359, Dec 2008. [PubMed Central:PMC165555] [DOI:10.1038/nbt.1508]
[PubMed:12520026].

[93] A. J. Fritz, P. N. Ghule, J. R. Boyd, C. E. Tye, N. A. Page, D. Hong, D. J.
Shirley, A. S. Weinheimer, A. R. Barutcu, D. L. Gerrard, S. Frietze, A. J. van
Wijnen, S. K. Zaidi, A. N. Imbalzano, J. B. Lian, J. L. Stein, and G. S. Stein.
Intranuclear and higher-order chromatin organization of the major histone gene
cluster in breast cancer.J Cell Physiol, 233(2):1278�1290, Feb 2018. [PubMed
Central:PMC316937] [DOI:10.1002/jcp.25996] [PubMed:15343274].

[94] H. D. Soule, T. M. Maloney, S. R. Wolman, W. D. Peterson, R. Brenz, C. M.
McGrath, J. Russo, R. J. Pauley, R. F. Jones, and S. C. Brooks. Isolation and
characterization of a spontaneously immortalized human breast epithelial cell
line, MCF-10. Cancer Res, 50(18):6075�6086, Sep 1990. [PubMed:1975513].

[95] P. J. Dawson, S. R. Wolman, L. Tait, G. H. Heppner, and F. R. Miller.
MCF10AT: a model for the evolution of cancer from proliferative breast dis-
ease.Am J Pathol, 148(1):313�319, Jan 1996. [PubMed Central:PMC1861604]
[PubMed:2009132].

[96] S. J. Santner, P. J. Dawson, L. Tait, H. D. Soule, J. Eliason, A. N. Mohamed,
S. R. Wolman, G. H. Heppner, and F. R. Miller. Malignant MCF10CA1 cell
lines derived from premalignant human breast epithelial MCF10AT cells.Breast
Cancer Res Treat, 65(2):101�110, Jan 2001. [DOI:10.1023/a:1006461422273]
[PubMed:11261825].

[97] F. R. Miller, S. J. Santner, L. Tait, and P. J. Dawson. MCF10DCIS.com
xenograft model of human comedo ductal carcinoma in situ. J Natl
Cancer Inst, 92(14):1185�1186, Jul 2000. [DOI:10.1093/jnci/92.14.1185a]
[PubMed:10904098].

[98] H. O'Geen, S. Frietze, and P. J. Farnham. Using ChIP-seq technology to iden-
tify targets of zinc �nger transcription factors. Methods Mol Biol, 649:437�
455, 2010. [PubMed Central:PMC2532738] [DOI:10.1007/978-1-60761-753-227]
[PubMed:10547847].

[99] Y. Zhang, T. Liu, C. A. Meyer, J. Eeckhoute, D. S. Johnson, B. E. Bernstein,
C. Nusbaum, R. M. Myers, M. Brown, W. Li, and X. S. Liu. Model-based
analysis of ChIP-Seq (MACS).Genome Biol, 9(9):R137, 2008. [PubMed Cen-
tral:PMC2375008] [DOI:10.1038/ng1901] [PubMed:17013392].

211



[100] J Boyd. Seqsetvis: Set based visualizations for next-gen sequencing data.R
package version, 1(0), 2019.

[101] J. Boyd, P. Rodriguez, H. Schjerven, and S. Frietze. RUN quality control
work�ow for histone modi�cations and transcription factors. BMC Res Notes,
14(1):366, Sep 2021. [PubMed Central:PMC3098059] [DOI:10.1186/1471-2105-
11-237] [PubMed:20459804].

[102] Q. Zhu, N. Liu, S. H. Orkin, and G. C. Yuan. RUN processing and footprint
analysis. Genome Biol, 20(1):192, Sep 2019. [PubMed Central:PMC3439153]
[DOI:10.1038/nature11247] [PubMed:22955616].

[103] J. D. Diedrich, Q. Dong, D. C. Ferguson, B. P. Bergeron, R. J. Autry, M. Qian,
W. Yang, C. Smith, J. B. Papizan, J. P. Connelly, K. Hagiwara, K. R.
Crews, S. M. Pruett-Miller, C. H. Pui, J. J. Yang, M. V. Relling, W. E.
Evans, and D. Savic. Pro�ling chromatin accessibility in pediatric acute lym-
phoblastic leukemia identi�es subtype-speci�c chromatin landscapes and gene
regulatory networks. Leukemia, 35(11):3078�3091, Nov 2021. [PubMed Cen-
tral:PMC4481590] [DOI:10.1038/s41375-021-01209-1] [PubMed:25999453].

[104] B. Erarslan-Uysal, J. B. Kunz, T. Rausch, P. ska, I. A. van Belzen, V. Fris-
mantas, B. Bornhauser, D. ez Rueada, M. Paulsen, V. Benes, M. Stanulla,
M. Schrappe, G. Cario, G. Escherich, K. Bakharevich, R. Kirschner-Schwabe,
C. Eckert, T. Loukanov, M. Goren�o, S. M. Waszak, J. P. Bourquin, M. U.
Muckenthaler, J. O. Korbel, and A. E. Kulozik. Chromatin accessibility land-
scape of pediatric T-lymphoblastic leukemia and human T-cell precursors.
EMBO Mol Med, 12(9):e12104, Sep 2020. [PubMed Central:PMC4153685]
[DOI:10.15252/emmm.202012104] [PubMed:9054502].

[105] T. Rausch, M. Hsi-Yang Fritz, J. O. Korbel, and V. Benes. Alfred: interactive
multi-sample BAM alignment statistics, feature counting and feature annota-
tion for long- and short-read sequencing.Bioinformatics, 35(14):2489�2491, Jul
2019. [PubMed Central:PMC3436805] [DOI:10.1093/bioinformatics/bty1007]
[PubMed:22962449].

[106] H. Sung, J. Ferlay, R. L. Siegel, M. Laversanne, I. Soerjomataram, A. Jemal, and
F. Bray. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence
and Mortality Worldwide for 36 Cancers in 185 Countries.CA Cancer J Clin,
71(3):209�249, May 2021. [DOI:10.3322/caac.21660] [PubMed:33538338].

[107] P. B. Becker and J. L. Workman. Nucleosome remodeling and epigenetics.Cold
Spring Harb Perspect Biol, 5(9), Sep 2013. [PubMed Central:PMC4852979]
[DOI:10.1101/cshperspect.a018754] [PubMed:21596991].

212



[108] E. L. Putiri and K. D. Robertson. Epigenetic mechanisms and genome stabil-
ity. Clin Epigenetics, 2(2):299�314, Aug 2011. [PubMed Central:PMC2910041]
[DOI:10.1007/s13148-010-0017-z] [PubMed:16862143].

[109] M. Swarnalatha, A. K. Singh, and V. Kumar. The epigenetic control
of E-box and Myc-dependent chromatin modi�cations regulate the licens-
ing of lamin B2 origin during cell cycle. Nucleic Acids Res, 40(18):9021�
9035, Oct 2012. [PubMed Central:PMC3180057] [DOI:10.1093/nar/gks617]
[PubMed:21969221].

[110] S. E. Polo and S. P. Jackson. Dynamics of DNA damage response proteins
at DNA breaks: a focus on protein modi�cations. Genes Dev, 25(5):409�
433, Mar 2011. [PubMed Central:PMC555716] [DOI:10.1101/gad.2021311]
[PubMed:12791985].

[111] J. S. Roe, C. I. Hwang, T. D. D. Somerville, J. P. Milazzo, E. J. Lee,
B. Da Silva, L. Maiorino, H. Tiriac, C. M. Young, K. Miyabayashi, D. Filippini,
B. Creighton, R. A. Burkhart, J. M. Buscaglia, E. J. Kim, J. L. Grem, A. J.
Lazenby, J. A. Grunkemeyer, M. A. Hollingsworth, P. M. Grandgenett, M. Ege-
blad, Y. Park, D. A. Tuveson, and C. R. Vakoc. Enhancer Reprogramming Pro-
motes Pancreatic Cancer Metastasis.Cell, 170(5):875�888, Aug 2017. [PubMed
Central:PMC3438921] [DOI:10.1016/j.cell.2017.07.007] [PubMed:22952241].

[112] O. G. McDonald, X. Li, T. Saunders, R. Tryggvadottir, S. J. Mentch, M. O.
Warmoes, A. E. Word, A. Carrer, T. H. Salz, S. Natsume, K. M. Stauf-
fer, A. Makohon-Moore, Y. Zhong, H. Wu, K. E. Wellen, J. W. Locasale,
C. A. Iacobuzio-Donahue, and A. P. Feinberg. Epigenomic reprogramming
during pancreatic cancer progression links anabolic glucose metabolism to
distant metastasis. Nat Genet, 49(3):367�376, Mar 2017. [PubMed Cen-
tral:PMC3364938] [DOI:10.1038/ng.3753] [PubMed:22693437].

[113] D. Hnisz, J. Schuijers, C. Y. Lin, A. S. Weintraub, B. J. Abraham, T. I. Lee,
J. E. Bradner, and R. A. Young. Convergence of developmental and oncogenic
signaling pathways at transcriptional super-enhancers.Mol Cell, 58(2):362�370,
Apr 2015. [PubMed Central:PMC3099475] [DOI:10.1016/j.molcel.2015.02.014]
[PubMed:21414485].

[114] X. Zhang, P. S. Choi, J. M. Francis, M. Imielinski, H. Watanabe, A. D.
Cherniack, and M. Meyerson. Identi�cation of focally ampli�ed lineage-
speci�c super-enhancers in human epithelial cancers.Nat Genet, 48(2):176�
182, Feb 2016. [PubMed Central:PMC4486245] [DOI:10.1101/gad.232710.113]
[PubMed:25075903].

213



[115] P. A. Betancur, B. J. Abraham, Y. Y. Yiu, S. B. Willingham, F. Khameneh,
M. Zarnegar, A. H. Kuo, K. McKenna, Y. Kojima, N. J. Leeper, P. Ho,
P. Gip, T. Swigut, R. I. Sherwood, M. F. Clarke, G. Somlo, R. A. Young,
and I. L. Weissman. A CD47-associated super-enhancer links pro-in�ammatory
signalling to CD47 upregulation in breast cancer. Nat Commun, 8:14802,
Apr 2017. [PubMed Central:PMC1188003] [DOI:10.1038/ncomms14802]
[PubMed:25362351].

[116] T. van Groningen, J. Koster, L. J. Valentijn, D. A. Zwijnenburg, N. Akogul,
N. E. Hasselt, M. Broekmans, F. Haneveld, N. E. Nowakowska, J. Bras, C. J. M.
van Noesel, A. Jongejan, A. H. van Kampen, L. Koster, F. Baas, L. van Dijk-
Kerkhoven, M. Huizer-Smit, M. C. Lecca, A. Chan, A. Lakeman, P. Molenaar,
R. Volckmann, E. M. Westerhout, M. Hamdi, P. G. van Sluis, M. E. Ebus, J. J.
Molenaar, G. A. Tytgat, B. A. Westerman, J. van Nes, and R. Versteeg. Neurob-
lastoma is composed of two super-enhancer-associated di�erentiation states.Nat
Genet, 49(8):1261�1266, Aug 2017. [DOI:10.1038/ng.3899] [PubMed:22981823].

[117] Y. Wang and Z. P. Liu. Identifying biomarkers for breast cancer by gene
regulatory network rewiring. BMC Bioinformatics, 22(Suppl 12):308, Jan
2022. [PubMed Central:PMC2753889] [DOI:10.1016/j.chemolab.2006.01.007]
[PubMed:15902353].

[118] S. Li, A. Balmain, and C. M. Counter. A model for RAS mutation patterns
in cancers: �nding the sweet spot.Nat Rev Cancer, 18(12):767�777, Dec 2018.
[DOI:10.1038/s41568-018-0076-6] [PubMed:30420765].

[119] Joseph Boyd, Princess Rodriguez, Hilde Schjerven, and Seth Frietze. ssvqc:
an integrated cut&run quality control work�ow for histone modi�cations and
transcription factors. BMC Research Notes, 14:1�7, 2021.

[120] A. Dobin, C. A. Davis, F. Schlesinger, J. Drenkow, C. Zaleski, S. Jha, P. Batut,
M. Chaisson, and T. R. Gingeras. STAR: ultrafast universal RNA-seq aligner.
Bioinformatics, 29(1):15�21, Jan 2013.

[121] P. Danecek, J. K. Bon�eld, J. Liddle, J. Marshall, V. Ohan, M. O. Pollard,
A. Whitwham, T. Keane, S. A. McCarthy, R. M. Davies, and H. Li. Twelve
years of SAMtools and BCFtools.Gigascience, 10(2), Feb 2021.

[122] W. J. Kent, A. S. Zweig, G. Barber, A. S. Hinrichs, and D. Karolchik. BigWig
and BigBed: enabling browsing of large distributed datasets.Bioinformatics,
26(17):2204�2207, Sep 2010.

214



[123] A. T. Lun and G. K. Smyth. csaw: a Bioconductor package for dif-
ferential binding analysis of ChIP-seq data using sliding windows. Nu-
cleic Acids Res, 44(5):e45, Mar 2016. [PubMed Central:PMC4706055]
[DOI:10.1093/nar/gkv1191] [PubMed:26834993].

[124] V. €’, A. J. Federation, C. Y. Lin, B. J. Abraham, J. Reddy, T. I. Lee,
J. E. Bradner, and R. A. Young. Models of human core transcriptional reg-
ulatory circuitries. Genome Res, 26(3):385�396, Mar 2016. [PubMed Cen-
tral:PMC3182026] [DOI:10.1101/gr.197590.115] [PubMed:21828272].

[125] Z. Duren, X. Chen, R. Jiang, Y. Wang, and W. H. Wong. Modeling gene
regulation from paired expression and chromatin accessibility data.Proc Natl
Acad Sci U S A, 114(25):E4914�E4923, Jun 2017.

[126] Maintainer Gabor Csardi. Package âigraphâ.Last accessed, 3(09):2013, 2013.

[127] P. Shannon, A. Markiel, O. Ozier, N. S. Baliga, J. T. Wang, D. Ramage,
N. Amin, B. Schwikowski, and T. Ideker. Cytoscape: a software environ-
ment for integrated models of biomolecular interaction networks.Genome Res,
13(11):2498�2504, Nov 2003.

[128] G. A. Hobbs, C. J. Der, and K. L. Rossman. RAS isoforms and mutations in
cancer at a glance.J Cell Sci, 129(7):1287�1292, Apr 2016. [PubMed Cen-
tral:PMC4184972] [DOI:10.1038/nature12205] [PubMed:23698361].

[129] M. €�. RAS as Supporting Actor in Breast Cancer. Front Oncol, 9:1199,
2019. [PubMed Central:PMC2737189] [DOI:10.1158/0008-5472.CAN-08-3389]
[PubMed:19147570].

[130] G. Sher, N. A. Salman, A. Q. Khan, K. S. Prabhu, A. Raza, M. Kulinski, S. Der-
mime, M. Haris, K. Junejo, and S. Uddin. Epigenetic and breast cancer therapy:
Promising diagnostic and therapeutic applications.Semin Cancer Biol, 83:152�
165, Aug 2022. [DOI:10.1016/j.semcancer.2020.08.009] [PubMed:32858230].

[131] A. Barski, S. Cuddapah, K. Cui, T. Y. Roh, D. E. Schones, Z. Wang,
G. Wei, I. Chepelev, and K. Zhao. High-resolution pro�ling of histone
methylations in the human genome. Cell, 129(4):823�837, May 2007.
[DOI:10.1016/j.cell.2007.05.009] [PubMed:17512414].

[132] Joseph R Boyd, Cong Gao, Kathleen Quinn, Andrew Fritz, Janet Stein, Gary
Stein, Karen Glass, and Seth Frietze. peaksat: an r package for chip-seq peak
saturation analysis. BMC genomics, 24(1):1�8, 2023.

215



[133] J. Ernst and M. Kellis. Chromatin-state discovery and genome annotation
with ChromHMM. Nat Protoc, 12(12):2478�2492, Dec 2017. [PubMed Cen-
tral:PMC186604] [DOI:10.1101/gr.184341.114] [PubMed:12045153].

[134] R. M. Marsano, E. Giordano, G. Messina, and P. Dimitri. A New Por-
trait of Constitutive Heterochromatin: Lessons from Drosophila melanogaster.
Trends Genet, 35(9):615�631, Sep 2019. [DOI:10.1016/j.tig.2019.06.002]
[PubMed:31320181].

[135] T. Segal, M. Salmon-Divon, and G. Gerlitz. The Heterochromatin Landscape
in Migrating Cells and the Importance of H3K27me3 for Associated Transcrip-
tome Alterations. Cells, 7(11), Nov 2018. [PubMed Central:PMC5909933]
[DOI:10.1091/mbc.E17-06-0410] [PubMed:29142071].

[136] C. R. Hsia, J. McAllister, O. Hasan, J. Judd, S. Lee, R. Agrawal, C. Y.
Chang, P. Soloway, and J. Lammerding. Con�ned migration induces heterochro-
matin formation and alters chromatin accessibility. iScience, 25(9):104978,
Sep 2022. [PubMed Central:PMC3098059] [DOI:10.1186/1471-2105-11-237]
[PubMed:20459804].

[137] I. Sur and J. Taipale. The role of enhancers in cancer.Nat Rev Cancer,
16(8):483�493, Aug 2016. [DOI:10.1038/nrc.2016.62] [PubMed:24614316].

[138] J. Erikson, A. ar Rushdi, H. L. Drwinga, P. C. Nowell, and C. M. Croce.
Transcriptional activation of the translocated c-myc oncogene in burkitt lym-
phoma. Proc Natl Acad Sci U S A, 80(3):820�824, Feb 1983. [PubMed Cen-
tral:PMC393472] [DOI:10.1073/pnas.80.3.820] [PubMed:14168277].

[139] Y. Kang, Y. W. Kim, J. Kang, and A. Kim. Histone H3K4me1 and H3K27ac
play roles in nucleosome eviction and eRNA transcription, respectively, at
enhancers. FASEB J, 35(8):e21781, Aug 2021. [DOI:10.1096/fj.202100488R]
[PubMed:34309923].

[140] W. A. Whyte, D. A. Orlando, D. Hnisz, B. J. Abraham, C. Y. Lin, M. H. Kagey,
P. B. Rahl, T. I. Lee, and R. A. Young. Master transcription factors and medi-
ator establish super-enhancers at key cell identity genes.Cell, 153(2):307�319,
Apr 2013. [PubMed Central:PMC2592715] [DOI:10.1016/j.cell.2013.03.035]
[PubMed:18798982].

[141] J. E. Bradner, D. Hnisz, and R. A. Young. Transcriptional Addiction in
Cancer. Cell, 168(4):629�643, Feb 2017. [PubMed Central:PMC3328300]
[DOI:10.1016/j.cell.2016.12.013] [PubMed:21814200].

216



[142] M. P. van Bragt, X. Hu, Y. Xie, and Z. Li. RUNX1, a transcription fac-
tor mutated in breast cancer, controls the fate of ER-positive mammary
luminal cells. Elife, 3:e03881, Nov 2014. [PubMed Central:PMC312794]
[DOI:10.1101/gad.906301] [PubMed:11581164].

[143] D. Hong, A. J. Fritz, J. A. Gordon, C. E. Tye, J. R. Boyd, K. M. Tracy, S. E.
Frietze, F. E. Carr, J. A. Nickerson, A. J. Van Wijnen, A. N. Imbalzano, S. K.
Zaidi, J. B. Lian, J. L. Stein, and G. S. Stein. RUNX1-dependent mechanisms in
biological control and dysregulation in cancer.J Cell Physiol, 234(6):8597�8609,
Jun 2019. [PubMed Central:PMC6013935] [DOI:10.1016/j.ebiom.2018.04.023]
[PubMed:29759484].

[144] W. D. Mahauad-Fernandez and D. W. Felsher. The Myc and Ras Part-
nership in Cancer: Indistinguishable Alliance or Contextual Relationship?
Cancer Res, 80(18):3799�3802, Sep 2020. [PubMed Central:PMC7717626]
[DOI:10.1158/0008-5472.CAN-20-0787] [PubMed:32029601].

[145] L. A. Boyer, T. I. Lee, M. F. Cole, S. E. Johnstone, S. S. Levine, J. P. Zucker,
M. G. Guenther, R. M. Kumar, H. L. Murray, R. G. Jenner, D. K. Gi�ord, D. A.
Melton, R. Jaenisch, and R. A. Young. Core transcriptional regulatory circuitry
in human embryonic stem cells. Cell, 122(6):947�956, Sep 2005. [PubMed
Central:PMC155318] [DOI:10.1016/j.cell.2005.08.020] [PubMed:15749924].

[146] E. Baxter, K. Windloch, F. Gannon, and J. S. Lee. Epigenetic regulation in
cancer progression.Cell Biosci, 4:45, 2014. [PubMed Central:PMC4277862]
[DOI:10.1186/2045-3701-4-45] [PubMed:24670685].

[147] J. A. I. Thoms, D. Beck, and J. E. Pimanda. Transcriptional networks in
acute myeloid leukemia. Genes Chromosomes Cancer, 58(12):859�874, Dec
2019. [DOI:10.1002/gcc.22794] [PubMed:31369171].

[148] S. Bhattacharjee, K. Renganaath, R. Mehrotra, and S. Mehrotra. Combinato-
rial control of gene expression.Biomed Res Int, 2013:407263, 2013. [PubMed
Central:PMC2967777] [DOI:10.1155/2013/407263] [PubMed:15479634].

[149] J. A. Budka, M. W. Ferris, M. J. Capone, and P. C. Hollenhorst. Common
ELF1 deletion in prostate cancer bolsters oncogenic ETS function, inhibits
senescence and promotes docetaxel resistance.Genes Cancer, 9(5-6):198�214,
May 2018. [PubMed Central:PMC4028082] [DOI:10.1186/1471-2164-15-284]
[PubMed:24735413].

[150] O. Samir, N. Kobayashi, T. Nishino, M. Siyam, M. K. Yadav, Y. Inoue, S. Taka-
hashi, and M. Hamada. Transcription Factor MAFB as a Prognostic Biomarker

217



for the Lung Adenocarcinoma.Int J Mol Sci, 23(17), Sep 2022. [PubMed Cen-
tral:PMC2363175] [DOI:10.1097/JTO.0b013e3181eba692] [PubMed:20802348].

[151] Z. Xu, J. Zheng, Z. Chen, J. Guo, X. Li, X. Wang, C. Qu, L. Yuan, C. Cheng,
X. Sun, and J. Yu. -catenin. Cell Death Dis, 12(6):584, Jun 2021. [PubMed
Central:PMC4414887] [DOI:10.1038/nature15382] [PubMed:26503053].

[152] A. Liu, H. Xie, R. Li, L. Ren, B. Yang, L. Dai, W. Lu, B. Liu, D. Ren,
X. Zhang, Q. Chen, Y. Huang, and K. Shi. Silencing ZIC2 abrogates tumori-
genesis and anoikis resistance of non-small cell lung cancer cells by inhibiting
Src/FAK signaling. Mol Ther Oncolytics, 22:195�208, Sep 2021. [PubMed Cen-
tral:PMC7537258] [DOI:10.1016/j.omto.2021.05.008] [PubMed:32991738].

[153] R. Sun, W. €¹, Z. Liu, Y. Yang, X. Wang, X. Zhao, S. Fu, W. Dai, C. Huang,
and D. Diao. FOXI1 inhibits gastric cancer cell proliferation by activating
miR-590/ATF3 axis via integrating ChIP-seq and RNA-seq data. Prog Bio-
phys Mol Biol, 163:34�45, Aug 2021. [DOI:10.1016/j.pbiomolbio.2021.02.003]
[PubMed:33610681].

[154] Y. Onodera, K. Takagi, Y. Neoi, A. Sato, M. Yamaguchi, Y. Miki, A. Ebata,
M. Miyashita, H. Sasano, and T. Suzuki. Forkhead Box I1 in Breast Carci-
noma as a Potent Prognostic Factor. Acta Histochem Cytochem, 54(4):123�
130, Aug 2021. [PubMed Central:PMC6324606] [DOI:10.1267/ahc.21-00034]
[PubMed:30655703].

[155] J. Li and Z. Xu. NR3C2 suppresses the proliferation, migration, invasion
and angiogenesis of colon cancer cells by inhibiting the AKT/ERK signaling
pathway. Mol Med Rep, 25(4), Apr 2022. [PubMed Central:PMC6844214]
[DOI:10.2147/OTT.S221228] [PubMed:31807016].

[156] H. Liu, W. Lei, Z. Li, X. Wang, and L. Zhou. NR3C2 inhibits the prolifer-
ation of colorectal cancer via regulating glucose metabolism and phosphory-
lating AMPK. J Cell Mol Med, 27(8):1069�1082, Apr 2023. [PubMed Cen-
tral:PMC4170966] [DOI:10.1097/PAS.0b013e31815f2362] [PubMed:18408592].

[157] V. Gregorc, C. Lazzari, M. €•, S. Ippati, A. Bulotta, M. G. Cangi, A. Khater,
M. G. €�, A. Mirabile, L. Pecciarini, F. R. Ogliari, G. Arrigoni, G. Grassini,
G. Veronesi, and C. Doglioni. Intratumoral Cellular Heterogeneity: Im-
plications for Drug Resistance in Patients with Non-Small Cell Lung Can-
cer. Cancers (Basel), 13(9), Apr 2021. [PubMed Central:PMC7215933]
[DOI:10.1200/JCO.2016.71.9096] [PubMed:28498782].

218



[158] A. Vignoli, E. Risi, A. McCartney, I. Migliaccio, E. Moretti, L. Malorni,
C. Luchinat, L. Biganzoli, and L. Tenori. Precision Oncology via NMR-
Based Metabolomics: A Review on Breast Cancer.Int J Mol Sci, 22(9),
Apr 2021. [PubMed Central:PMC5653644] [DOI:10.1016/j.nhtm.2017.06.001]
[PubMed:29094062].

[159] A. Ieni, R. Vita, C. Pizzimenti, S. Benvenga, and G. Tuccari. Intratumoral
Heterogeneity in Di�erentiated Thyroid Tumors: An Intriguing Reappraisal in
the Era of Personalized Medicine.J Pers Med, 11(5), Apr 2021. [PubMed
Central:PMC7007907] [DOI:10.1007/s00109-020-01874-2] [PubMed:31970428].

[160] L. Castells-Roca, E. Tejero, B. guez Santiago, and J. s. CRISPR
Screens in Synthetic Lethality and Combinatorial Therapies for Can-
cer. Cancers (Basel), 13(7), Mar 2021. [PubMed Central:PMC6886477]
[DOI:10.1016/j.cell.2019.09.016] [PubMed:31626775].

[161] Q. Li, M. Sun, M. Wang, M. Feng, F. Yang, L. Li, J. Zhao, C. Chang,
H. Dong, T. Xie, and J. Chen. -catenin signaling by protein kinases in hepato-
cellular carcinoma and its therapeutic application. Cancer Sci, 112(5):1695�
1706, May 2021. [PubMed Central:PMC4128856] [DOI:10.1111/cas.14861]
[PubMed:23266718].

[162] E. A. Gilman, S. Pruthi, E. W. Hofstatter, and D. M. Mussallem. Pre-
venting Breast Cancer Through Identi�cation and Pharmacologic Manage-
ment of High-Risk Patients. Mayo Clin Proc, 96(4):1033�1040, Apr 2021.
[DOI:10.1016/j.mayocp.2021.01.028] [PubMed:33814072].

[163] R. L. So�er. Post-translational modi�cation of proteins catalyzed by
aminoacyl-tRNA-protein transferases.Mol Cell Biochem, 2(1):3�14, Nov 1973.
[DOI:10.1007/BF01738673] [PubMed:4890606].

[164] J. L. Rinn and H. Y. Chang. Genome regulation by long noncoding
RNAs. Annu Rev Biochem, 81:145�166, 2012. [PubMed Central:PMC2823488]
[DOI:10.1146/annurev-biochem-051410-092902] [PubMed:18509338].

[165] A. Razin and A. D. Riggs. DNA methylation and gene function.
Science, 210(4470):604�610, Nov 1980. [DOI:10.1126/science.6254144]
[PubMed:6254144].

[166] Y. Cheng, C. He, M. Wang, X. Ma, F. Mo, S. Yang, J. Han, and X. Wei.
Targeting epigenetic regulators for cancer therapy: mechanisms and advances
in clinical trials. Signal Transduct Target Ther, 4:62, 2019. [PubMed Cen-
tral:PMC4691848] [DOI:10.1038/nature13688] [PubMed:25279926].

219



[167] M. rez Salvia and M. Esteller. Bromodomain inhibitors and cancer
therapy: From structures to applications. Epigenetics, 12(5):323�339,
May 2017. [PubMed Central:PMC6618502] [DOI:10.1523/JNEUROSCI.5772-
12.2013] [PubMed:23804093].

[168] B. Donati, E. Lorenzini, and A. Ciarrocchi. BRD4 and Cancer: going beyond
transcriptional regulation. Mol Cancer, 17(1):164, Nov 2018. [PubMed Cen-
tral:PMC5675034] [DOI:10.1016/j.celrep.2017.05.049] [PubMed:28591577].

[169] R. Y. Tweedie-Cullen, A. M. Brunner, J. Grossmann, S. Mohanna, D. Sichau,
P. Nanni, C. Panse, and I. M. Mansuy. Identi�cation of combinatorial
patterns of post-translational modi�cations on individual histones in the
mouse brain. PLoS One, 7(5):e36980, 2012. [PubMed Central:PMC2637532]
[DOI:10.1371/journal.pone.0036980] [PubMed:6525415].

[170] C. Choudhary, C. Kumar, F. Gnad, M. L. Nielsen, M. Rehman, T. C. Walther,
J. V. Olsen, and M. Mann. Lysine acetylation targets protein complexes and
co-regulates major cellular functions.Science, 325(5942):834�840, Aug 2009.
[DOI:10.1126/science.1175371] [PubMed:19608861].

[171] M. D. Shahbazian and M. Grunstein. Functions of site-speci�c his-
tone acetylation and deacetylation. Annu Rev Biochem, 76:75�100, 2007.
[DOI:10.1146/annurev.biochem.76.052705.162114] [PubMed:17362198].

[172] C. Dhalluin, J. E. Carlson, L. Zeng, C. He, A. K. Aggarwal, and M. M. Zhou.
Structure and ligand of a histone acetyltransferase bromodomain.Nature,
399(6735):491�496, Jun 1999. [DOI:10.1038/20974] [PubMed:10365964].

[173] L. Zeng, Q. Zhang, S. Li, A. N. Plotnikov, M. J. Walsh, and M. M. Zhou. Mech-
anism and regulation of acetylated histone binding by the tandem PHD �nger of
DPF3b. Nature, 466(7303):258�262, Jul 2010. [PubMed Central:PMC2393763]
[DOI:10.1038/nature09139] [PubMed:16299514].

[174] Y. Li, H. Wen, Y. Xi, K. Tanaka, H. Wang, D. Peng, Y. Ren, Q. Jin,
S. Y. Dent, W. Li, H. Li, and X. Shi. AF9 YEATS domain links his-
tone acetylation to DOT1L-mediated H3K79 methylation. Cell, 159(3):558�
571, Oct 2014. [PubMed Central:PMC2592715] [DOI:10.1016/j.cell.2014.09.049]
[PubMed:18798982].

[175] Y. Li, B. R. Sabari, T. Panchenko, H. Wen, D. Zhao, H. Guan, L. Wan,
H. Huang, Z. Tang, Y. Zhao, R. G. Roeder, X. Shi, C. D. Allis, and H. Li.
Molecular Coupling of Histone Crotonylation and Active Transcription by

220



AF9 YEATS Domain. Mol Cell, 62(2):181�193, Apr 2016. [PubMed Cen-
tral:PMC4563710] [DOI:10.1016/j.molcel.2016.03.028] [PubMed:26330523].

[176] J. Wysocka, T. Swigut, H. Xiao, T. A. Milne, S. Y. Kwon, J. Landry, M. Kauer,
A. J. Tackett, B. T. Chait, P. Badenhorst, C. Wu, and C. D. Allis. A PHD
�nger of NURF couples histone H3 lysine 4 trimethylation with chromatin
remodelling. Nature, 442(7098):86�90, Jul 2006. [DOI:10.1038/nature04815]
[PubMed:16728976].

[177] F. Jeanmougin, J. M. Wurtz, B. Le Douarin, P. Chambon, and R. Losson.
The bromodomain revisited. Trends Biochem Sci, 22(5):151�153, May 1997.
[DOI:10.1016/s0968-0004(97)01042-6] [PubMed:9175470].

[178] D. J. Owen, P. Ornaghi, J. C. Yang, N. Lowe, P. R. Evans, P. Ballario,
D. Neuhaus, P. Filetici, and A. A. Travers. The structural basis for the recogni-
tion of acetylated histone H4 by the bromodomain of histone acetyltransferase
gcn5p. EMBO J, 19(22):6141�6149, Nov 2000. [PubMed Central:PMC17710]
[DOI:10.1093/emboj/19.22.6141] [PubMed:8524391].

[179] F. A. Romero, A. M. Taylor, T. D. Crawford, V. Tsui, A. €’, and S. Mag-
nuson. Disrupting Acetyl-Lysine Recognition: Progress in the Develop-
ment of Bromodomain Inhibitors. J Med Chem, 59(4):1271�1298, Feb 2016.
[DOI:10.1021/acs.jmedchem.5b01514] [PubMed:26572217].

[180] P. Filippakopoulos, J. Qi, S. Picaud, Y. Shen, W. B. Smith, O. Fedorov, E. M.
Morse, T. Keates, T. T. Hickman, I. Felletar, M. Philpott, S. Munro, M. R.
McKeown, Y. Wang, A. L. Christie, N. West, M. J. Cameron, B. Schwartz,
T. D. Heightman, N. La Thangue, C. A. French, O. Wiest, A. L. Kung,
S. Knapp, and J. E. Bradner. Selective inhibition of BET bromodomains.
Nature, 468(7327):1067�1073, Dec 2010. [PubMed Central:PMC2908280]
[DOI:10.1038/nature09504] [PubMed:18800048].

[181] E. Nicodeme, K. L. Je�rey, U. Schaefer, S. Beinke, S. Dewell, C. W. Chung,
R. Chandwani, I. Marazzi, P. Wilson, H. Coste, J. White, J. Kirilovsky, C. M.
Rice, J. M. Lora, R. K. Prinjha, K. Lee, and A. Tarakhovsky. Suppres-
sion of in�ammation by a synthetic histone mimic. Nature, 468(7327):1119�
1123, Dec 2010. [PubMed Central:PMC2754226] [DOI:10.1038/nature09589]
[PubMed:19131954].

[182] D. S. Hewings, T. P. Rooney, L. E. Jennings, D. A. Hay, C. J. Scho�eld,
P. E. Brennan, S. Knapp, and S. J. Conway. Progress in the development and

221



application of small molecule inhibitors of bromodomain-acetyl-lysine interac-
tions. J Med Chem, 55(22):9393�9413, Nov 2012. [DOI:10.1021/jm300915b]
[PubMed:22924434].

[183] H. Huang, B. R. Sabari, B. A. Garcia, C. D. Allis, and Y. Zhao. Snap-
Shot: histone modi�cations. Cell, 159(2):458�458, Oct 2014. [PubMed Cen-
tral:PMC3418837] [DOI:10.1016/j.cell.2014.09.037] [PubMed:20683756].

[184] P. Filippakopoulos, S. Picaud, M. Mangos, T. Keates, J. P. Lambert,
D. Barsyte-Lovejoy, I. Felletar, R. Volkmer, S. ller, T. Pawson, A. C. Gin-
gras, C. H. Arrowsmith, and S. Knapp. Histone recognition and large-scale
structural analysis of the human bromodomain family.Cell, 149(1):214�231,
Mar 2012. [PubMed Central:PMC3339198] [DOI:10.1016/j.cell.2012.02.013]
[PubMed:18400184].

[185] R. Mauser and A. Jeltsch. Application of modi�ed histone peptide ar-
rays in chromatin research. Arch Biochem Biophys, 661:31�38, Jan 2019.
[DOI:10.1016/j.abb.2018.10.019] [PubMed:30391375].

[186] A. M. Quinn, M. T. Bedford, A. Espejo, A. Spannho�, C. P. Austin,
U. Oppermann, and A. Simeonov. A homogeneous method for investi-
gation of methylation-dependent protein-protein interactions in epigenetics.
Nucleic Acids Res, 38(2):e11, Jan 2010. [PubMed Central:PMC2656448]
[DOI:10.1093/nar/gkp899] [PubMed:18682256].

[187] J. T. Lloyd, K. McLaughlin, M. Y. Lubula, J. C. Gay, A. Dest, C. Gao,
M. Phillips, M. Tonelli, G. Cornilescu, M. R. Marunde, C. M. Evans, S. P.
Boyson, S. Carlson, M. C. Keogh, J. L. Markley, S. Frietze, and K. C. Glass.
Structural Insights into the Recognition of Mono- and Diacetylated Histones
by the ATAD2B Bromodomain. J Med Chem, 63(21):12799�12813, Nov
2020. [PubMed Central:PMC3320027] [DOI:10.1021/acs.jmedchem.0c01178]
[PubMed:27008022].

[188] S. J. Koo, A. E. n, V. Badock, C. J. Ott, S. J. Holton, O. von Ahsen,
J. Toedling, S. Vittori, J. E. Bradner, and M. cz. ATAD2 is an epige-
netic reader of newly synthesized histone marks during DNA replication.
Oncotarget, 7(43):70323�70335, Oct 2016. [PubMed Central:PMC4298138]
[DOI:10.18632/oncotarget.11855] [PubMed:25593309].

[189] Y. Chen, R. Sprung, Y. Tang, H. Ball, B. Sangras, S. C. Kim, J. R. Falck,
J. Peng, W. Gu, and Y. Zhao. Lysine propionylation and butyrylation are novel

222



post-translational modi�cations in histones. Mol Cell Proteomics, 6(5):812�
819, May 2007. [PubMed Central:PMC317174] [DOI:10.1074/mcp.M700021-
MCP200] [PubMed:15199121].

[190] Z. Xie, J. Dai, L. Dai, M. Tan, Z. Cheng, Y. Wu, J. D. Boeke, and
Y. Zhao. Lysine succinylation and lysine malonylation in histones. Mol
Cell Proteomics, 11(5):100�107, May 2012. [PubMed Central:PMC2562305]
[DOI:10.1074/mcp.M111.012658] [PubMed:9519294].

[191] M. Tan, H. Luo, S. Lee, F. Jin, J. S. Yang, E. Montellier, T. Buchou,
Z. Cheng, S. Rousseaux, N. Rajagopal, Z. Lu, Z. Ye, Q. Zhu, J. Wysocka,
Y. Ye, S. Khochbin, B. Ren, and Y. Zhao. Identi�cation of 67 histone
marks and histone lysine crotonylation as a new type of histone modi�ca-
tion. Cell, 146(6):1016�1028, Sep 2011. [PubMed Central:PMC2823435]
[DOI:10.1016/j.cell.2011.08.008] [PubMed:15083521].

[192] M. Unoki, A. Masuda, N. Dohmae, K. Arita, M. Yoshimatsu, Y. Iwai, Y. Fukui,
K. Ueda, R. Hamamoto, M. Shirakawa, H. Sasaki, and Y. Nakamura. Ly-
syl 5-hydroxylation, a novel histone modi�cation, by Jumonji domain contain-
ing 6 (JMJD6). J Biol Chem, 288(9):6053�6062, Mar 2013. [PubMed Cen-
tral:PMC2567917] [DOI:10.1074/jbc.M112.433284] [PubMed:18471979].

[193] T. Jiang, X. Zhou, K. Taghizadeh, M. Dong, and P. C. Dedon. N-formylation
of lysine in histone proteins as a secondary modi�cation arising from oxidative
DNA damage. Proc Natl Acad Sci U S A, 104(1):60�65, Jan 2007. [PubMed
Central:PMC369483] [DOI:10.1073/pnas.0606775103] [PubMed:942051].

[194] F. Vollmuth and M. Geyer. Interaction of propionylated and butyry-
lated histone H3 lysine marks with Brd4 bromodomains. Angew Chem
Int Ed Engl, 49(38):6768�6772, Sep 2010. [DOI:10.1002/anie.201002724]
[PubMed:20715035].

[195] E. M. Flynn, O. W. Huang, F. Poy, M. Oppikofer, S. F. Bellon, Y. Tang, and
A. G. Cochran. A Subset of Human Bromodomains Recognizes Butyryllysine
and Crotonyllysine Histone Peptide Modi�cations.Structure, 23(10):1801�1814,
Oct 2015. [DOI:10.1016/j.str.2015.08.004] [PubMed:26365797].

[196] J. P. Lambert, S. Picaud, T. Fujisawa, H. Hou, P. Savitsky, L. la Reimand, G. D.
Gupta, H. Abdouni, Z. Y. Lin, M. Tucholska, J. D. R. Knight, B. Gonzalez-
Badillo, N. St-Denis, J. A. Newman, M. Stucki, L. Pelletier, N. Bandeira, M. D.
Wilson, P. Filippakopoulos, and A. C. Gingras. Interactome Rewiring Following
Pharmacological Targeting of BET Bromodomains.Mol Cell, 73(3):621�638,

223



Feb 2019. [PubMed Central:PMC3328300] [DOI:10.1016/j.molcel.2018.11.006]
[PubMed:21814200].

[197] R. Gamsjaeger, S. R. Webb, J. M. Lamonica, A. Billin, G. A. Blobel,
and J. P. Mackay. Structural basis and speci�city of acetylated transcrip-
tion factor GATA1 recognition by BET family bromodomain protein Brd3.
Mol Cell Biol, 31(13):2632�2640, Jul 2011. [PubMed Central:PMC3232675]
[DOI:10.1073/pnas.1102140108] [PubMed:12666178].

[198] J. Shi, Y. Wang, L. Zeng, Y. Wu, J. Deng, Q. Zhang, Y. Lin, J. Li, T. Kang,
M. Tao, E. Rusinova, G. Zhang, C. Wang, H. Zhu, J. Yao, Y. X. Zeng,
B. M. Evers, M. M. Zhou, and B. P. Zhou. Disrupting the interaction of
BRD4 with diacetylated Twist suppresses tumorigenesis in basal-like breast
cancer.Cancer Cell, 25(2):210�225, Feb 2014. [PubMed Central:PMC3328300]
[DOI:10.1016/j.ccr.2014.01.028] [PubMed:21814200].

[199] Z. X. He, B. F. Wei, X. Zhang, Y. P. Gong, L. Y. Ma, and W. Zhao. Current
development of CBP/p300 inhibitors in the last decade.Eur J Med Chem,
209:112861, Jan 2021. [DOI:10.1016/j.ejmech.2020.112861] [PubMed:33045661].

[200] J. Zhu, C. Zhou, and A. Ca�isch. Structure-based discovery of selective
BRPF1 bromodomain inhibitors. Eur J Med Chem, 155:337�352, Jul 2018.
[DOI:10.1016/j.ejmech.2018.05.037] [PubMed:29902720].

[201] T. W. Burke, J. G. Cook, M. Asano, and J. R. Nevins. Replication fac-
tors MCM2 and ORC1 interact with the histone acetyltransferase HBO1.J
Biol Chem, 276(18):15397�15408, May 2001. [DOI:10.1074/jbc.M011556200]
[PubMed:11278932].

[202] L. €’, C. D. Christ, S. Siegel, A. E. n, S. J. Holton, O. Fedorov, A. Ter Laak,
T. Sugawara, D. ckigt, C. Tallant, J. Bennett, O. Monteiro, L. ez, P. Siejka,
J. Meier, V. tter, J. Weiske, S. ller, K. V. M. Huber, I. V. Hartung, and
B. Haendler. Benzoisoquinolinediones as Potent and Selective Inhibitors
of BRPF2 and TAF1/TAF1L Bromodomains. J Med Chem, 60(9):4002�
4022, May 2017. [PubMed Central:PMC2803126] [DOI:10.1021/jm00118a010]
[PubMed:3172126].

[203] L. Lin, W. Zhao, B. Sun, X. Wang, and Q. Liu. Overexpression of TRIM24
is correlated with the progression of human cervical cancer.Am J Transl Res,
9(2):620�628, 2017. [PubMed Central:PMC4340273] [PubMed:25846736].

224



[204] C. Zucchelli, S. Tamburri, G. Filosa, M. Ghitti, G. Quilici, A. Bachi, and
G. Musco. Sp140 is a multi-SUMO-1 target and its PHD �nger pro-
motes SUMOylation of the adjacent Bromodomain. Biochim Biophys Acta
Gen Subj, 1863(2):456�465, Feb 2019. [DOI:10.1016/j.bbagen.2018.11.011]
[PubMed:30465816].

[205] E. De Braekeleer, R. Au�ret, N. Douet-Guilbert, A. Basinko, M. J.
Le Bris, F. Morel, and M. De Braekeleer. Recurrent translocation
(10;17)(p15;q21) in acute poorly di�erentiated myeloid leukemia likely results
in ZMYND11-MBTD1 fusion. Leuk Lymphoma, 55(5):1189�1190, May 2014.
[DOI:10.3109/10428194.2013.820292] [PubMed:23915195].

[206] J. D. de Rooij, M. M. van den Heuvel-Eibrink, W. J. Kollen, E. Sonneveld, G. J.
Kaspers, H. B. Beverloo, M. Fornerod, R. Pieters, and C. M. Zwaan. Recur-
rent translocation t(10;17)(p15;q21) in minimally di�erentiated acute myeloid
leukemia results in ZMYND11/MBTD1 fusion. Genes Chromosomes Cancer,
55(3):237�241, Mar 2016. [DOI:10.1002/gcc.22326] [PubMed:26608508].

[207] H. Wen, Y. Li, H. Li, and X. Shi. ZMYND11: an H3.3-speci�c reader
of H3K36me3. Cell Cycle, 13(14):2153�2154, 2014. [DOI:10.4161/cc.29732]
[PubMed:24963723].

[208] P. W. Lewis, M. M. ller, M. S. Koletsky, F. Cordero, S. Lin, L. A. Banaszyn-
ski, B. A. Garcia, T. W. Muir, O. J. Becher, and C. D. Allis. Inhibition of
PRC2 activity by a gain-of-function H3 mutation found in pediatric glioblas-
toma. Science, 340(6134):857�861, May 2013. [PubMed Central:PMC2719416]
[DOI:10.1126/science.1232245] [PubMed:19407342].

[209] F. Lan and Y. Shi. Histone H3.3 and cancer: A potential reader connec-
tion. Proc Natl Acad Sci U S A, 112(22):6814�6819, Jun 2015. [PubMed
Central:PMC3193428] [DOI:10.1073/pnas.1418996111] [PubMed:21263457].

[210] J. E. Delmore, G. C. Issa, M. E. Lemieux, P. B. Rahl, J. Shi, H. M. Jacobs,
E. Kastritis, T. Gilpatrick, R. M. Paranal, J. Qi, M. Chesi, A. C. Schinzel,
M. R. McKeown, T. P. He�ernan, C. R. Vakoc, P. L. Bergsagel, I. M. Ghobrial,
P. G. Richardson, R. A. Young, W. C. Hahn, K. C. Anderson, A. L. Kung,
J. E. Bradner, and C. S. Mitsiades. BET bromodomain inhibition as a ther-
apeutic strategy to target c-Myc. Cell, 146(6):904�917, Sep 2011. [PubMed
Central:PMC3328300] [DOI:10.1016/j.cell.2011.08.017] [PubMed:21814200].

[211] Z. Li, J. Guo, Y. Wu, and Q. Zhou. The BET bromodomain inhibitor JQ1 acti-
vates HIV latency through antagonizing Brd4 inhibition of Tat-transactivation.

225



Nucleic Acids Res, 41(1):277�287, Jan 2013. [PubMed Central:PMC2769176]
[DOI:10.1093/nar/gks976] [PubMed:19805909].

[212] C. J. Ott, N. Kopp, L. Bird, R. M. Paranal, J. Qi, T. Bowman, S. J.
Rodig, A. L. Kung, J. E. Bradner, and D. M. Weinstock. BET bromod-
omain inhibition targets both c-Myc and IL7R in high-risk acute lymphoblastic
leukemia.Blood, 120(14):2843�2852, Oct 2012. [PubMed Central:PMC2814538]
[DOI:10.1182/blood-2012-02-413021] [PubMed:19543225].

[213] B. D. Berkovits and D. J. Wolgemuth. The role of the double bromodomain-
containing BET genes during mammalian spermatogenesis.Curr Top Dev Biol,
102:293�326, 2013. [PubMed Central:PMC3436579] [DOI:10.1016/B978-0-12-
416024-8.00011-8] [PubMed:16085498].

[214] Q. Wu, D. Heidenreich, S. Zhou, S. Ackloo, A. mer, K. Nakka, E. Lima-
Fernandes, G. Deblois, S. Duan, R. N. Vellanki, F. Li, M. Vedadi, J. Dilworth,
M. Lupien, P. E. Brennan, C. H. Arrowsmith, S. ller, O. Fedorov, P. Filip-
pakopoulos, and S. Knapp. A chemical toolbox for the study of bromodomains
and epigenetic signaling.Nat Commun, 10(1):1915, Apr 2019. [PubMed Cen-
tral:PMC6318333] [DOI:10.1038/s41467-018-07905-4] [PubMed:30604761].

[215] B. Bienfait and P. Ertl. JSME: a free molecule editor in JavaScript.J Chemin-
form, 5:24, 2013. [PubMed Central:PMC3317745] [DOI:10.3390/ijms13033820]
[PubMed:22489185].

[216] S. Shu, C. Y. Lin, H. H. He, R. M. Witwicki, D. P. Tabassum, J. M. Roberts,
M. Janiszewska, S. J. Huh, Y. Liang, J. Ryan, E. Doherty, H. Mohammed,
H. Guo, D. G. Stover, M. B. Ekram, J. Brown, C. D'Santos, I. E. Krop, D. Dil-
lon, M. McKeown, C. Ott, J. Qi, M. Ni, P. K. Rao, M. Duarte, S. Y. Wu, C. M.
Chiang, L. Anders, R. A. Young, E. Winer, A. Letai, W. T. Barry, J. S. Carroll,
H. Long, M. Brown, X. S. Liu, C. A. Meyer, J. E. Bradner, and K. Polyak. Re-
sponse and resistance to BET bromodomain inhibitors in triple-negative breast
cancer. Nature, 529(7586):413�417, Jan 2016. [PubMed Central:PMC4224636]
[DOI:10.1038/nature16508] [PubMed:25263595].

[217] A. Tsherniak, F. Vazquez, P. G. Montgomery, B. A. Weir, G. Kryukov, G. S.
Cowley, S. Gill, W. F. Harrington, S. Pantel, J. M. Krill-Burger, R. M. Meyers,
L. Ali, A. Goodale, Y. Lee, G. Jiang, J. Hsiao, W. F. J. Gerath, S. Howell,
E. Merkel, M. Ghandi, L. A. Garraway, D. E. Root, T. R. Golub, J. S. Boehm,
and W. C. Hahn. De�ning a Cancer Dependency Map. Cell, 170(3):564�
576, Jul 2017. [PubMed Central:PMC3202303] [DOI:10.1016/j.cell.2017.06.010]
[PubMed:21846737].

226



[218] F. M. Behan, F. Iorio, G. Picco, E. alves, C. M. Beaver, G. Migliardi, R. San-
tos, Y. Rao, F. Sassi, M. Pinnelli, R. Ansari, S. Harper, D. A. Jackson,
R. McRae, R. Pooley, P. Wilkinson, D. van der Meer, D. Dow, C. Buser-
Doepner, A. Bertotti, L. Trusolino, E. A. Stronach, J. Saez-Rodriguez, K. Yusa,
and M. J. Garnett. Prioritization of cancer therapeutic targets using CRISPR-
Cas9 screens.Nature, 568(7753):511�516, Apr 2019. [PubMed Central:4402510]
[DOI:10.1007/s10916-012-9891-6] [PubMed:25605792].

[219] G. J. Sandoval, J. L. Pulice, H. Pakula, M. Schenone, D. Y. Takeda, M. Pop,
G. Boulay, K. E. Williamson, M. J. McBride, J. Pan, R. St Pierre, E. Hart-
man, L. A. Garraway, S. A. Carr, M. N. Rivera, Z. Li, L. Ronco, W. C.
Hahn, and C. Kadoch. Binding of TMPRSS2-ERG to BAF Chromatin Re-
modeling Complexes Mediates Prostate Oncogenesis.Mol Cell, 71(4):554�566,
Aug 2018. [PubMed Central:PMC2592715] [DOI:10.1016/j.molcel.2018.06.040]
[PubMed:18798982].

[220] L. Chen, G. Alexe, N. V. Dharia, L. Ross, A. B. Iniguez, A. S. Conway, E. J.
Wang, V. Veschi, N. Lam, J. Qi, W. C. Gustafson, N. Nasholm, F. Vazquez,
B. A. Weir, G. S. Cowley, L. D. Ali, S. Pantel, G. Jiang, W. F. Harrington,
Y. Lee, A. Goodale, R. Lubonja, J. M. Krill-Burger, R. M. Meyers, A. Tsher-
niak, D. E. Root, J. E. Bradner, T. R. Golub, C. W. Roberts, W. C. Hahn, W. A.
Weiss, C. J. Thiele, and K. Stegmaier. CRISPR-Cas9 screen reveals a MYCN-
ampli�ed neuroblastoma dependency on EZH2. J Clin Invest, 128(1):446�
462, Jan 2018. [PubMed Central:PMC2612492] [DOI:10.1128/MCB.01294-08]
[PubMed:18955501].

[221] X. Wang, S. Wang, E. C. Troisi, T. P. Howard, J. R. Haswell, B. K. Wolf,
W. H. Hawk, P. Ramos, E. M. Oberlick, E. P. Tzvetkov, A. Ross, F. Vazquez,
W. C. Hahn, P. J. Park, and C. W. M. Roberts. BRD9 de�nes a SWI/SNF
sub-complex and constitutes a speci�c vulnerability in malignant rhabdoid tu-
mors. Nat Commun, 10(1):1881, Apr 2019. [PubMed Central:PMC1933169]
[DOI:10.1093/nar/gkm415] [PubMed:17576678].

[222] I. Versteege, N. venet, J. Lange, M. F. Rousseau-Merck, P. Ambros,
R. Handgretinger, A. Aurias, and O. Delattre. Truncating mutations of
hSNF5/INI1 in aggressive paediatric cancer.Nature, 394(6689):203�206, Jul
1998. [DOI:10.1038/28212] [PubMed:9671307].

[223] J. A. Biegel, J. Y. Zhou, L. B. Rorke, C. Stenstrom, L. M. Wainwright, and
B. Fogelgren. Germ-line and acquired mutations of INI1 in atypical teratoid
and rhabdoid tumors. Cancer Res, 59(1):74�79, Jan 1999. [PubMed:9892189].

227



[224] A. F. Hohmann, L. J. Martin, J. L. Minder, J. S. Roe, J. Shi, S. Steurer,
G. Bader, D. McConnell, M. Pearson, T. Gerstberger, T. Gottschamel,
D. Thompson, Y. Suzuki, M. Koegl, and C. R. Vakoc. Sensitivity
and engineered resistance of myeloid leukemia cells to BRD9 inhibition.
Nat Chem Biol, 12(9):672�679, Sep 2016. [PubMed Central:PMC2803126]
[DOI:10.1107/S0907444909042073] [PubMed:20057044].

[225] G. L. Brien, D. Remillard, J. Shi, M. L. Hemming, J. Chabon, K. Wynne,
E. T. Dillon, G. Cagney, G. Van Mierlo, M. P. Baltissen, M. Vermeulen, J. Qi,
S. hling, N. S. Gray, J. E. Bradner, C. R. Vakoc, and S. A. Armstrong. Targeted
degradation of BRD9 reverses oncogenic gene expression in synovial sarcoma.
Elife, 7, Nov 2018. [PubMed Central:PMC4264969] [DOI:10.1038/nmeth.1322]
[PubMed:19377485].

[226] V. Zoppi, S. J. Hughes, C. Maniaci, A. Testa, T. Gmaschitz, C. Wieshofer,
M. Koegl, K. M. Riching, D. L. Daniels, A. Spallarossa, and A. Ciulli.
Iterative Design and Optimization of Initially Inactive Proteolysis Target-
ing Chimeras (PROTACs) Identify VZ185 as a Potent, Fast, and Selec-
tive von Hippel-Lindau (VHL) Based Dual Degrader Probe of BRD9 and
BRD7. J Med Chem, 62(2):699�726, Jan 2019. [PubMed Central:PMC4195815]
[DOI:10.1016/j.cancergen.2014.04.004] [PubMed:24853101].

[227] B. G. Wilson, K. C. Helming, X. Wang, Y. Kim, F. Vazquez, Z. Jagani,
W. C. Hahn, and C. W. Roberts. Residual complexes containing SMARCA2
(BRM) underlie the oncogenic drive of SMARCA4 (BRG1) mutation. Mol
Cell Biol, 34(6):1136�1144, Mar 2014. [PubMed Central:PMC3010259]
[DOI:10.1038/nature09504] [PubMed:20871596].

[228] N. Li, Y. Li, J. Lv, X. Zheng, H. Wen, H. Shen, G. Zhu, T. Y. Chen, S. S. Dhar,
P. Y. Kan, Z. Wang, R. Shiekhattar, X. Shi, F. Lan, K. Chen, W. Li, H. Li, and
M. G. Lee. ZMYND8 Reads the Dual Histone Mark H3K4me1-H3K14ac to An-
tagonize the Expression of Metastasis-Linked Genes.Mol Cell, 63(3):470�484,
Aug 2016. [PubMed Central:PMC2901902] [DOI:10.1016/j.molcel.2016.06.035]
[PubMed:20613843].

[229] W. Zhang, Z. Cai, M. Kong, A. Wu, Z. Hu, F. Wang, and H. Wang.
Prognostic signi�cance of TRIM28 expression in patients with breast carci-
noma. Open Med (Wars), 16(1):472�480, 2021. [PubMed Central:PMC6322701]
[DOI:10.1515/med-2021-0263] [PubMed:30655676].

[230] A. Urbanucci, S. J. Barfeld, V. €¤ , H. M. Itkonen, I. M. Coleman, D. k, L. blom,
X. Sheng, T. Tolonen, S. Minner, C. Burdelski, K. K. Kivinummi, A. Kohvakka,

228



S. Kregel, M. Takhar, M. Alshalalfa, E. Davicioni, N. Erho, P. Lloyd, R. J.
Karnes, A. E. Ross, E. M. Schae�er, D. J. Vander Griend, S. Knapp, E. Corey,
F. Y. Feng, P. S. Nelson, F. Saatcioglu, K. E. Knudsen, T. L. J. Tammela,
G. Sauter, T. Schlomm, M. Nykter, T. Visakorpi, and I. G. Mills. Androgen
Receptor Deregulation Drives Bromodomain-Mediated Chromatin Alterations
in Prostate Cancer. Cell Rep, 19(10):2045�2059, Jun 2017. [PubMed Cen-
tral:PMC2592715] [DOI:10.1016/j.celrep.2017.05.049] [PubMed:19318566].

[231] D. Chen, M. Maruschke, O. Hakenberg, W. Zimmermann, C. G. Stief,
and A. Buchner. TOP2A, HELLS, ATAD2, and TET3 Are Novel Prog-
nostic Markers in Renal Cell Carcinoma. Urology, 102:1�265, Apr 2017.
[DOI:10.1016/j.urology.2016.12.050] [PubMed:28069330].

[232] M. Zhang, C. Zhang, W. Du, X. Yang, and Z. Chen. ATAD2 is overexpressed
in gastric cancer and serves as an independent poor prognostic biomarker.
Clin Transl Oncol, 18(8):776�781, Aug 2016. [DOI:10.1007/s12094-015-1430-
8] [PubMed:24761900].

[233] Y. Chen, B. Zhang, L. Bao, L. Jin, M. Yang, Y. Peng, A. Kumar, J. E.
Wang, C. Wang, X. Zou, C. Xing, Y. Wang, and W. Luo. ZMYND8 acety-
lation mediates HIF-dependent breast cancer progression and metastasis.J
Clin Invest, 128(5):1937�1955, May 2018. [PubMed Central:PMC3131083]
[DOI:10.1016/j.cell.2011.05.006] [PubMed:21620140].

[234] S. Rahman, M. E. Sowa, M. Ottinger, J. A. Smith, Y. Shi, J. W. Harper, and
P. M. Howley. The Brd4 extraterminal domain confers transcription activa-
tion independent of pTEFb by recruiting multiple proteins, including NSD3.
Mol Cell Biol, 31(13):2641�2652, Jul 2011. [PubMed Central:PMC1563901]
[DOI:10.1128/MCB.01341-10] [PubMed:16940503].

[235] D. A. Bisgrove, T. Mahmoudi, P. Henklein, and E. Verdin. Conserved P-
TEFb-interacting domain of BRD4 inhibits HIV transcription. Proc Natl Acad
Sci U S A, 104(34):13690�13695, Aug 2007. [PubMed Central:PMC325809]
[DOI:10.1073/pnas.0705053104] [PubMed:6828386].

[236] T. Kanno, Y. Kanno, G. LeRoy, E. Campos, H. W. Sun, S. R. Brooks, G. Va-
hedi, T. D. Heightman, B. A. Garcia, D. Reinberg, U. Siebenlist, J. J. O'Shea,
and K. Ozato. BRD4 assists elongation of both coding and enhancer RNAs
by interacting with acetylated histones. Nat Struct Mol Biol, 21(12):1047�
1057, Dec 2014. [PubMed Central:PMC3076316] [DOI:10.1038/nsmb.2912]
[PubMed:21368835].

229



[237] F. Itzen, A. K. Greifenberg, C. A. sken, and M. Geyer. Brd4 activates P-TEFb
for RNA polymerase II CTD phosphorylation.Nucleic Acids Res, 42(12):7577�
7590, Jul 2014. [PubMed Central:PMC449783] [DOI:10.1093/nar/gku449]
[PubMed:15201869].

[238] J. n, H. A. Hoke, C. Y. Lin, A. Lau, D. A. Orlando, C. R. Vakoc, J. E. Brad-
ner, T. I. Lee, and R. A. Young. Selective inhibition of tumor oncogenes by
disruption of super-enhancers.Cell, 153(2):320�334, Apr 2013. [PubMed Cen-
tral:PMC3328300] [DOI:10.1016/j.cell.2013.03.036] [PubMed:21814200].

[239] M. K. Jang, K. Mochizuki, M. Zhou, H. S. Jeong, J. N. Brady, and
K. Ozato. The bromodomain protein Brd4 is a positive regulatory com-
ponent of P-TEFb and stimulates RNA polymerase II-dependent transcrip-
tion. Mol Cell, 19(4):523�534, Aug 2005. [DOI:10.1016/j.molcel.2005.06.027]
[PubMed:16109376].

[240] Y. W. Jiang, P. Veschambre, H. Erdjument-Bromage, P. Tempst, J. W.
Conaway, R. C. Conaway, and R. D. Kornberg. Mammalian mediator of tran-
scriptional regulation and its possible role as an end-point of signal transduction
pathways. Proc Natl Acad Sci U S A, 95(15):8538�8543, Jul 1998. [PubMed
Central:PMC40531] [DOI:10.1073/pnas.95.15.8538] [PubMed:9268578].

[241] A. J. Donner, C. C. Ebmeier, D. J. Taatjes, and J. M. Espinosa. CDK8 is a pos-
itive regulator of transcriptional elongation within the serum response network.
Nat Struct Mol Biol, 17(2):194�201, Feb 2010. [PubMed Central:PMC2693121]
[DOI:10.1038/nsmb.1752] [PubMed:11545735].

[242] J. re, S. Rousseaux, U. Steuerwald, M. pez, S. Curtet, A. L. Vitte, J. Govin,
J. Gaucher, K. Sadoul, D. J. Hart, J. Krijgsveld, S. Khochbin, C. W. ller,
and C. Petosa. Cooperative binding of two acetylation marks on a his-
tone tail by a single bromodomain. Nature, 461(7264):664�668, Oct 2009.
[DOI:10.1038/nature08397] [PubMed:12145330].

[243] A. G. Cochran, A. R. Conery, and R. J. Sims. drug development.Nat
Rev Drug Discov, 18(8):609�628, Aug 2019. [DOI:10.1038/s41573-019-0030-7]
[PubMed:31273347].

[244] C. Letson and E. Padron. Non-canonical transcriptional consequences
of BET inhibition in cancer. Pharmacol Res, 150:104508, Dec 2019.
[DOI:10.1016/j.phrs.2019.104508] [PubMed:31698067].

230



[245] S. E. Lochrin, D. K. Price, and W. D. Figg. BET bromodomain inhibitors�
a novel epigenetic approach in castration-resistant prostate cancer.Can-
cer Biol Ther, 15(12):1583�1585, 2014. [PubMed Central:PMC3010259]
[DOI:10.1038/nrc3750] [PubMed:24827504].

[246] S. M. Miller, D. R. Goulet, and G. L. Johnson. Targeting the Breast Can-
cer Kinome. J Cell Physiol, 232(1):53�60, Jan 2017. [DOI:10.1002/jcp.25427]
[PubMed:27186656].

[247] V. Sahai, A. J. Redig, K. A. Collier, F. D. Eckerdt, and H. G. Munshi. Targeting
BET bromodomain proteins in solid tumors. Oncotarget, 7(33):53997�54009,
Aug 2016. [PubMed Central:PMC4918409] [DOI:10.18632/oncotarget.1659]
[PubMed:26058079].

[248] S. M. Abedin, C. S. Boddy, and H. G. Munshi. BET inhibitors in the
treatment of hematologic malignancies: current insights and future prospects.
Onco Targets Ther, 9:5943�5953, 2016. [PubMed Central:PMC4662464]
[DOI:10.2147/OTT.S100515] [PubMed:26254279].

[249] Z. Yu, A. F. Ku, J. L. Anglin, R. Sharma, M. N. Ucisik, J. C. Faver, F. Li,
P. Nyshadham, N. Simmons, K. L. Sharma, S. Nagarajan, K. Riehle, G. Kaur,
B. Sankaran, M. Storl-Desmond, S. S. Palmer, D. W. Young, C. Kim, and
M. M. Matzuk. Discovery and characterization of bromodomain 2-speci�c in-
hibitors of BRDT. Proc Natl Acad Sci U S A, 118(9), Mar 2021. [PubMed
Central:PMC6245549] [DOI:10.1073/pnas.2021102118] [PubMed:30253095].

[250] E. J. Faivre, K. F. McDaniel, D. H. Albert, S. R. Mantena, J. P. Plotnik,
D. Wilcox, L. Zhang, M. H. Bui, G. S. Sheppard, L. Wang, V. Sehgal, X. Lin,
X. Huang, X. Lu, T. Uziel, P. Hessler, L. T. Lam, R. J. Bellin, G. Mehta,
S. Fidanze, J. K. Pratt, D. Liu, L. A. Hasvold, C. Sun, S. C. Panchal, J. J.
Nicolette, S. L. Fossey, C. H. Park, K. Longenecker, L. Bigelow, M. Torrent,
S. H. Rosenberg, W. M. Kati, and Y. Shen. Selective inhibition of the BD2
bromodomain of BET proteins in prostate cancer.Nature, 578(7794):306�310,
Feb 2020. [DOI:10.1158/0008-5472.CAN-08-2764] [PubMed:31969702].

[251] O. Gilan, I. Rioja, K. Knezevic, M. J. Bell, M. M. Yeung, N. R. Harker, E. Y. N.
Lam, C. W. Chung, P. Bamborough, M. Petretich, M. Urh, S. J. Atkinson,
A. K. Bassil, E. J. Roberts, D. Vassiliadis, M. L. Burr, A. G. S. Preston,
C. Wellaway, T. Werner, J. R. Gray, A. M. Michon, T. Gobbetti, V. Kumar,
P. E. Soden, A. Haynes, J. Vappiani, D. F. Tough, S. Taylor, S. J. Dawson,
M. Bantsche�, M. Lindon, G. Drewes, E. H. Demont, D. L. Daniels, P. Grandi,
R. K. Prinjha, and M. A. Dawson. Selective targeting of BD1 and BD2 of

231



the BET proteins in cancer and immunoin�ammation. Science, 368(6489):387�
394, Apr 2020. [PubMed Central:PMC3069744] [DOI:10.1126/science.aaz8455]
[PubMed:21460447].

[252] D. C. Hargreaves and G. R. Crabtree. ATP-dependent chromatin remodel-
ing: genetics, genomics and mechanisms.Cell Res, 21(3):396�420, Mar 2011.
[PubMed Central:PMC1794396] [DOI:10.1038/cr.2011.32] [PubMed:17255939].

[253] C. Kadoch, D. C. Hargreaves, C. Hodges, L. Elias, L. Ho, J. Ranish, and G. R.
Crabtree. Proteomic and bioinformatic analysis of mammalian SWI/SNF com-
plexes identi�es extensive roles in human malignancy.Nat Genet, 45(6):592�
601, Jun 2013. [PubMed Central:PMC2423153] [DOI:10.1038/ng.2628]
[PubMed:18332116].

[254] R. Kumar, D. Q. Li, S. ller, and S. Knapp. Epigenomic regulation of onco-
genesis by chromatin remodeling. Oncogene, 35(34):4423�4436, Aug 2016.
[DOI:10.1038/onc.2015.513] [PubMed:19789351].

[255] J. Pan, R. M. Meyers, B. C. Michel, N. Mashtalir, A. E. Sizemore, J. N.
Wells, S. H. Cassel, F. Vazquez, B. A. Weir, W. C. Hahn, J. A. Marsh,
A. Tsherniak, and C. Kadoch. Interrogation of Mammalian Protein Com-
plex Structure, Function, and Membership Using Genome-Scale Fitness
Screens.Cell Syst, 6(5):555�568, May 2018. [PubMed Central:PMC5360989]
[DOI:10.1016/j.cels.2018.04.011] [PubMed:28199306].

[256] B. G. Wilson and C. W. Roberts. SWI/SNF nucleosome remodellers and
cancer. Nat Rev Cancer, 11(7):481�492, Jun 2011. [DOI:10.1038/nrc3068]
[PubMed:18301784].

[257] M. D. Kaeser, A. Aslanian, M. Q. Dong, J. R. Yates, and B. M. Emerson. BRD7,
a novel PBAF-speci�c SWI/SNF subunit, is required for target gene activation
and repression in embryonic stem cells.J Biol Chem, 283(47):32254�32263,
Nov 2008. [PubMed Central:PMC1430322] [DOI:10.1074/jbc.M806061200]
[PubMed:16537910].

[258] H. T. Huang, S. M. Chen, L. B. Pan, J. Yao, and H. T. Ma. Loss of function
of SWI/SNF chromatin remodeling genes leads to genome instability of human
lung cancer. Oncol Rep, 33(1):283�291, Jan 2015. [DOI:10.3892/or.2014.3584]
[PubMed:25370573].

[259] W. Shen, C. Xu, W. Huang, J. Zhang, J. E. Carlson, X. Tu, J. Wu, and
Y. Shi. Solution structure of human Brg1 bromodomain and its speci�c

232



binding to acetylated histone tails. Biochemistry, 46(8):2100�2110, Feb 2007.
[DOI:10.1021/bi0611208] [PubMed:17274598].

[260] M. Singh, G. M. Popowicz, M. Krajewski, and T. A. Holak. Structural ram-
i�cation for acetyl-lysine recognition by the bromodomain of human BRG1
protein, a central ATPase of the SWI/SNF remodeling complex.Chembiochem,
8(11):1308�1316, Jul 2007. [DOI:10.1002/cbic.200600562] [PubMed:17582821].

[261] E. A. Morrison, J. C. Sanchez, J. L. Ronan, D. P. Farrell, K. Varzavand,
J. K. Johnson, B. X. Gu, G. R. Crabtree, and C. A. Musselman. DNA
binding drives the association of BRG1/hBRM bromodomains with nucleo-
somes. Nat Commun, 8:16080, Jul 2017. [PubMed Central:PMC5328678]
[DOI:10.1038/ncomms16080] [PubMed:18497825].

[262] L. Aravind and D. Landsman. AT-hook motifs identi�ed in a wide
variety of DNA-binding proteins. Nucleic Acids Res, 26(19):4413�4421,
Oct 1998. [PubMed Central:PMC147871] [DOI:10.1093/nar/26.19.4413]
[PubMed:9742243].

[263] J. C. Sanchez, L. Zhang, S. Evoli, N. J. Schnicker, M. Nunez-Hernandez, L. Yu,
J. Wereszczynski, M. A. Pufall, and C. A. Musselman. The molecular basis
of selective DNA binding by the BRG1 AT-hook and bromodomain.Biochim
Biophys Acta Gene Regul Mech, 1863(8):194566, Aug 2020. [PubMed Cen-
tral:PMC230505] [DOI:10.1101/gad.250704.114] [PubMed:7739555].

[264] T. M. Weaver, E. A. Morrison, and C. A. Musselman. Reading More
than Histones: The Prevalence of Nucleic Acid Binding among Reader
Domains. Molecules, 23(10), Oct 2018. [PubMed Central:PMC1405818]
[DOI:10.1093/nar/gkl052] [PubMed:16549878].

[265] B. Bourachot, M. Yaniv, and C. Muchardt. Growth inhibition by
the mammalian SWI-SNF subunit Brm is regulated by acetylation.
EMBO J, 22(24):6505�6515, Dec 2003. [PubMed Central:PMC133966]
[DOI:10.1093/emboj/cdg621] [PubMed:9845365].

[266] C. Muchardt, J. C. Reyes, B. Bourachot, E. Leguoy, and M. Yaniv. The
hbrm and BRG-1 proteins, components of the human SNF/SWI complex, are
phosphorylated and excluded from the condensed chromosomes during mito-
sis. EMBO J, 15(13):3394�3402, Jul 1996. [PubMed Central:PMC451903]
[PubMed:3063603].

[267] R. B. Kargbo. SMARCA2/4 PROTAC for Targeted Protein Degrada-
tion and Cancer Therapy. ACS Med Chem Lett, 11(10):1797�1798, Oct

233



2020. [PubMed Central:PMC7549100] [DOI:10.1021/acsmedchemlett.0c00347]
[PubMed:31977292].

[268] S. B. Marquez-Vilendrer, S. K. Rai, S. J. Gramling, L. Lu, and D. N. Reis-
man. Loss of the SWI/SNF ATPase subunits BRM and BRG1 drives lung
cancer development. Oncoscience, 3(11-12):322�336, 2016. [PubMed Cen-
tral:PMC3088778] [DOI:10.18632/oncoscience.323] [PubMed:9099865].

[269] J. A. nez and J. C. Reyes. High expression of SMARCA4 or SMARCA2 is fre-
quently associated with an opposite prognosis in cancer.Sci Rep, 8(1):2043,
Feb 2018. [PubMed Central:PMC3070774] [DOI:10.1038/nature04296]
[PubMed:16273092].

[270] C. L. Sutherell, C. Tallant, O. P. Monteiro, C. Yapp, J. E. Fuchs, O. Fe-
dorov, P. Siejka, S. ller, S. Knapp, J. D. Brenton, P. E. Brennan, and S. V.
Ley. Identi�cation and Development of 2,3-Dihydropyrrolo[1,2-a]quinazolin-
5(1H)-one Inhibitors Targeting Bromodomains within the Switch/Sucrose Non-
fermenting Complex. J Med Chem, 59(10):5095�5101, May 2016. [PubMed
Central:PMC4115480] [DOI:10.1186/1756-8935-7-14] [PubMed:25097667].

[271] T. Lu, J. C. Hu, W. C. Lu, J. Han, H. Ding, H. Jiang, Y. Y. Zhang, L. Y. Yue,
S. J. Chen, H. L. Jiang, K. X. Chen, H. F. Chai, and C. Luo. Identi�cation of
small molecule inhibitors targeting the SMARCA2 bromodomain from a high-
throughput screening assay.Acta Pharmacol Sin, 39(9):1544�1552, Sep 2018.
[PubMed Central:PMC4948672] [DOI:10.1021/ci200227u] [PubMed:21919503].

[272] D. Li, J. Liu, W. Liu, G. Li, Z. Yang, P. Qin, and L. Xu. The ISWI remod-
eler in plants: protein complexes, biochemical functions, and developmental
roles. Chromosoma, 126(3):365�373, Jun 2017. [DOI:10.1007/s00412-017-0626-
9] [PubMed:22927830].

[273] S. G. Alkhatib and J. W. Landry. The nucleosome remodeling factor.
FEBS Lett, 585(20):3197�3207, Oct 2011. [PubMed Central:PMC308517]
[DOI:10.1016/j.febslet.2011.09.003] [PubMed:7984417].

[274] N. M. Olson, S. Kroc, J. A. Johnson, H. Zahid, P. D. Ycas, A. Chan,
J. R. Kimbrough, P. Kalra, E. nbrunn, and W. C. K. Pomerantz. NMR
Analyses of Acetylated H2A.Z Isoforms Identify Di�erential Binding Interac-
tions with the Bromodomain of the NURF Nucleosome Remodeling Complex.
Biochemistry, 59(20):1871�1880, May 2020. [PubMed Central:PMC2836070]
[DOI:10.1021/acs.biochem.0c00159] [PubMed:19940112].

234



[275] P. D. Ycas, H. Zahid, A. Chan, N. M. Olson, J. A. Johnson, S. K. Talluri,
E. Schonbrunn, and W. C. K. Pomerantz. New inhibitors for the BPTF bro-
modomain enabled by structural biology and biophysical assay development.
Org Biomol Chem, 18(27):5174�5182, Jul 2020. [PubMed Central:PMC4032195]
[DOI:10.1039/d0ob00506a] [PubMed:24568369].

[276] X. Li, D. Ding, J. Yao, B. Zhou, T. Shen, Y. Qi, T. Ni, and G. Wei. Chro-
matin remodeling factor BAZ1A regulates cellular senescence in both cancer and
normal cells. Life Sci, 229:225�232, Jul 2019. [DOI:10.1016/j.lfs.2019.05.023]
[PubMed:31085244].

[277] L. Gu, S. C. Frommel, C. C. Oakes, R. Simon, K. Grupp, C. Y. Gerig, D. r,
M. D. Robinson, C. Baer, M. Weiss, Z. Gu, M. Schapira, R. Kuner, H. ltmann,
M. Provenzano, M. L. Yaspo, B. Brors, J. Korbel, T. Schlomm, G. Sauter,
R. Eils, C. Plass, and R. Santoro. BAZ2A (TIP5) is involved in epigenetic
alterations in prostate cancer and its overexpression predicts disease recurrence.
Nat Genet, 47(1):22�30, Jan 2015. [DOI:10.1038/ng.3165] [PubMed:25485837].

[278] Z. Yang, Y. Zhou, and L. Zhong. Discovery of BAZ1A bromodomain inhibitors
with the aid of virtual screening and activity evaluation.Bioorg Med Chem Lett,
33:127745, Feb 2021. [DOI:10.1016/j.bmcl.2020.127745] [PubMed:33333161].

[279] S. M. Bevill, J. F. Olivares-Quintero, N. Sciaky, B. T. Golitz, D. Singh, A. S.
Beltran, N. U. Rashid, T. J. Stuhlmiller, A. Hale, N. J. Moorman, C. M.
Santos, S. P. Angus, J. S. Zawistowski, and G. L. Johnson. GSK2801, a
BAZ2/BRD9 Bromodomain Inhibitor, Synergizes with BET Inhibitors to In-
duce Apoptosis in Triple-Negative Breast Cancer.Mol Cancer Res, 17(7):1503�
1518, Jul 2019. [PubMed Central:PMC5983959] [DOI:10.3892/mmr.2018.8806]
[PubMed:29382514].

[280] L. Drouin, S. McGrath, L. R. Vidler, A. Chaikuad, O. Monteiro, C. Tallant,
M. Philpott, C. Rogers, O. Fedorov, M. Liu, W. Akhtar, A. Hayes, F. Ray-
naud, S. ller, S. Knapp, and S. Hoelder. Structure enabled design of BAZ2-
ICR, a chemical probe targeting the bromodomains of BAZ2A and BAZ2B.
J Med Chem, 58(5):2553�2559, Mar 2015. [PubMed Central:PMC3010259]
[DOI:10.1038/ng.3165] [PubMed:15902208].

[281] X. Yu, Z. Li, and J. Shen. BRD7: a novel tumor suppressor gene in di�erent
cancers.Am J Transl Res, 8(2):742�748, 2016. [PubMed Central:PMC2632634]
[PubMed:16786191].

[282] J. Drost, F. Mantovani, F. Tocco, R. Elkon, A. Comel, H. Holstege,
R. Kerkhoven, J. Jonkers, P. M. Voorhoeve, R. Agami, and G. Del Sal. BRD7

235



is a candidate tumour suppressor gene required for p53 function.Nat Cell Biol,
12(4):380�389, Apr 2010. [DOI:10.1038/ncb2038] [PubMed:17546051].

[283] M. T. Harte, G. J. O'Brien, N. M. Ryan, J. J. Gorski, K. I. Savage, N. T. Craw-
ford, P. B. Mullan, and D. P. Harkin. BRD7, a subunit of SWI/SNF complexes,
binds directly to BRCA1 and regulates BRCA1-dependent transcription.Can-
cer Res, 70(6):2538�2547, Mar 2010. [DOI:10.1158/0008-5472.CAN-09-2089]
[PubMed:20215511].

[284] S. Carlson and K. C. Glass. The MOZ histone acetyltransferase in epigenetic
signaling and disease.J Cell Physiol, 229(11):1571�1574, Nov 2014. [PubMed
Central:PMC3567257] [DOI:10.1002/jcp.24617] [PubMed:24107192].

[285] P. Syntichaki, I. Topalidou, and G. Thireos. The Gcn5 bromodomain co-
ordinates nucleosome remodelling. Nature, 404(6776):414�417, Mar 2000.
[DOI:10.1038/35006136] [PubMed:10746732].

[286] L. Zeng, Q. Zhang, G. Gerona-Navarro, N. Moshkina, and M. M. Zhou.
Structural basis of site-speci�c histone recognition by the bromodomains
of human coactivators PCAF and CBP/p300. Structure, 16(4):643�652,
Apr 2008. [PubMed Central:PMC2788556] [DOI:10.1016/j.str.2008.01.010]
[PubMed:16909888].

[287] J. Chen, F. M. Ghazawi, and Q. Li. Interplay of bromodomain and histone
acetylation in the regulation of p300-dependent genes.Epigenetics, 5(6):509�
515, Aug 2010. [PubMed Central:PMC543421] [DOI:10.4161/epi.5.6.12224]
[PubMed:17965593].

[288] R. Raisner, S. Kharbanda, L. Jin, E. Jeng, E. Chan, M. Merchant, P. M.
Haverty, R. Bainer, T. Cheung, D. Arnott, E. M. Flynn, F. A. Romero,
S. Magnuson, and K. E. Gascoigne. Enhancer Activity Requires CBP/P300
Bromodomain-Dependent Histone H3K27 Acetylation.Cell Rep, 24(7):1722�
1729, Aug 2018. [DOI:10.1016/j.celrep.2018.07.041] [PubMed:30110629].

[289] B. E. Zucconi, J. L. Makofske, D. J. Meyers, Y. Hwang, M. Wu, M. I.
Kuroda, and P. A. Cole. Combination Targeting of the Bromodomain
and Acetyltransferase Active Site of p300/CBP. Biochemistry, 58(16):2133�
2143, Apr 2019. [PubMed Central:PMC2938195] [DOI:10.1093/nar/gkq184]
[PubMed:20435671].

[290] A. L. Kung, V. I. Rebel, R. T. Bronson, L. E. Ch'ng, C. A. Sie�, D. M. Liv-
ingston, and T. P. Yao. Gene dose-dependent control of hematopoiesis and

236



hematologic tumor suppression by CBP.Genes Dev, 14(3):272�277, Feb 2000.
[PubMed Central:PMC38204] [PubMed:9590171].

[291] N. Avvakumov and J. €’. The MYST family of histone acetyltransferases
and their intimate links to cancer. Oncogene, 26(37):5395�5407, Aug 2007.
[DOI:10.1038/sj.onc.1210608] [PubMed:17694081].

[292] M. A. Holbert, T. Sikorski, J. Carten, D. Snow�ack, S. Hodawadekar, and
R. Marmorstein. The human monocytic leukemia zinc �nger histone acetyltrans-
ferase domain contains DNA-binding activity implicated in chromatin targeting.
J Biol Chem, 282(50):36603�36613, Dec 2007. [DOI:10.1074/jbc.M705812200]
[PubMed:17925393].

[293] N. Champagne, N. Pelletier, and X. J. Yang. The monocytic leukemia zinc
�nger protein MOZ is a histone acetyltransferase. Oncogene, 20(3):404�409,
Jan 2001. [DOI:10.1038/sj.onc.1204114] [PubMed:11313971].

[294] M. Ullah, N. Pelletier, L. Xiao, S. P. Zhao, K. Wang, C. Degerny, S. Tahmasebi,
C. Cayrou, Y. Doyon, S. L. Goh, N. Champagne, J. €’, and X. J. Yang. Molec-
ular architecture of quartet MOZ/MORF histone acetyltransferase complexes.
Mol Cell Biol, 28(22):6828�6843, Nov 2008. [PubMed Central:PMC384351]
[DOI:10.1128/MCB.01297-08] [PubMed:17694082].

[295] W. S. Palmer, G. Poncet-Montange, G. Liu, A. Petrocchi, N. Reyna, G. Subra-
manian, J. Thero�, A. Yau, M. Kost-Alimova, J. P. Bardenhagen, E. Leo, H. E.
Shepard, T. N. Tieu, X. Shi, Y. Zhan, S. Zhao, M. C. Barton, G. Draetta,
C. Toniatti, P. Jones, M. Geck Do, and J. N. Andersen. Structure-Guided
Design of IACS-9571, a Selective High-A�nity Dual TRIM24-BRPF1 Bromod-
omain Inhibitor. J Med Chem, 59(4):1440�1454, Feb 2016. [PubMed Cen-
tral:PMC3640414] [DOI:10.1021/acs.jmedchem.5b00405] [PubMed:16425327].

[296] J. C. Meier, C. Tallant, O. Fedorov, H. Witwicka, S. Y. Hwang, R. G. van
Stiphout, J. P. Lambert, C. Rogers, C. Yapp, B. S. Gerstenberger, V. Fedele,
P. Savitsky, D. Heidenreich, D. L. Daniels, D. R. Owen, P. V. Fish, N. M. Igoe,
E. D. Bayle, B. Haendler, U. C. T. Oppermann, F. Bu�a, P. E. Brennan, S. ller,
A. C. Gingras, P. R. Odgren, M. J. Birnbaum, and S. Knapp. Selective Target-
ing of Bromodomains of the Bromodomain-PHD Fingers Family Impairs Osteo-
clast Di�erentiation. ACS Chem Biol, 12(10):2619�2630, Oct 2017. [PubMed
Central:PMC2762860] [DOI:10.1002/jcp.21331] [PubMed:18064667].

[297] Z. Duan, N. P. Andrews, C. Z. Chen, M. Fan, J. Wang, J. Shen, J. J. Li,
and H. W. Chen. damaging chemotherapy agents and radiation.Oncol Rep,
43(1):318�327, Jan 2020. [DOI:10.3892/or.2019.7418] [PubMed:31789405].

237



[298] Y. Mishima, S. Miyagi, A. Saraya, M. Negishi, M. Endoh, T. A. Endo, T. Toy-
oda, J. Shinga, T. Katsumoto, T. Chiba, N. Yamaguchi, I. Kitabayashi,
H. Koseki, and A. Iwama. The Hbo1-Brd1/Brpf2 complex is responsi-
ble for global acetylation of H3K14 and required for fetal liver erythro-
poiesis. Blood, 118(9):2443�2453, Sep 2011. [DOI:10.1182/blood-2011-01-
331892] [PubMed:21753189].

[299] Y. Feng, A. Vlassis, C. Roques, M. E. Lalonde, C. lez Aguilera, J. P. Lambert,
S. B. Lee, X. Zhao, C. Alabert, J. V. Johansen, E. Paquet, X. J. Yang, A. C. Gin-
gras, J. €’, and A. Groth. BRPF3-HBO1 regulates replication origin activation
and histone H3K14 acetylation.EMBO J, 35(2):176�192, Jan 2016. [PubMed
Central:PMC3639389] [DOI:10.15252/embj.201591293] [PubMed:12791985].

[300] H. I. Cho, M. S. Kim, J. Lee, B. C. Yoo, K. H. Kim, K. M. Choe, and
Y. K. Jang. BRPF3-HUWE1-mediated regulation of MYST2 is required
for di�erentiation and cell-cycle progression in embryonic stem cells.Cell
Death Di�er , 27(12):3273�3288, Dec 2020. [PubMed Central:PMC6789044]
[DOI:10.1038/s41467-018-07882-8] [PubMed:31604943].

[301] V. p, Z. cskei, and L. r. Prolyl oligopeptidase: an unusual beta-propeller do-
main regulates proteolysis.Cell, 94(2):161�170, Jul 1998. [DOI:10.1016/s0092-
8674(00)81416-6] [PubMed:9695945].

[302] C. K. Chen, N. L. Chan, and A. H. Wang. -propeller proteins: con-
served but versatile. Trends Biochem Sci, 36(10):553�561, Oct 2011.
[DOI:10.1016/j.tibs.2011.07.004] [PubMed:21924917].

[303] C. U. Stirnimann, E. Petsalaki, R. B. Russell, and C. W. ller. WD40 pro-
teins propel cellular networks.Trends Biochem Sci, 35(10):565�574, Oct 2010.
[DOI:10.1016/j.tibs.2010.04.003] [PubMed:20451393].

[304] M. Schapira, M. Tyers, M. Torrent, and C. H. Arrowsmith. WD40 repeat
domain proteins: a novel target class? Nat Rev Drug Discov, 16(11):773�
786, Nov 2017. [PubMed Central:PMC5537055] [DOI:10.1038/nrd.2017.179]
[PubMed:28302793].

[305] M. Mandal, K. M. Hamel, M. Maienschein-Cline, A. Tanaka, G. Teng, J. H.
Tuteja, J. J. Bunker, N. Bahroos, J. J. Eppig, D. G. Schatz, and M. R. Clark.
Histone reader BRWD1 targets and restricts recombination to the Igk locus.
Nat Immunol, 16(10):1094�1103, Oct 2015. [PubMed Central:PMC3561875]
[DOI:10.1038/ni.3249] [PubMed:23193179].

238



[306] M. Mandal, M. Maienschein-Cline, P. Ma�ucci, M. Veselits, D. E. Kennedy,
K. C. McLean, M. K. Okoreeh, S. Karki, C. Cunningham-Rundles, and
M. R. Clark. BRWD1 orchestrates epigenetic landscape of late B lym-
phopoiesis.Nat Commun, 9(1):3888, Sep 2018. [PubMed Central:PMC3083463]
[DOI:10.1016/j.cels.2016.10.019] [PubMed:27863956].

[307] E. J. Suh, M. H. Kabir, U. B. Kang, J. W. Lee, J. Yu, D. Y. Noh,
and C. Lee. Comparative pro�ling of plasma proteome from breast can-
cer patients reveals thrombospondin-1 and BRWD3 as serological biomark-
ers. Exp Mol Med, 44(1):36�44, Jan 2012. [PubMed Central:PMC1886533]
[DOI:10.3858/emm.2012.44.1.003] [PubMed:17250452].

[308] D. de Semir, V. Bezrookove, M. Nosrati, A. A. Dar, C. Wu, J. Shen, C. Rieken,
M. Venkatasubramanian, J. R. Miller, P. Y. Desprez, S. McAllister, L. Soro-
ceanu, R. J. Debs, N. Salomonis, D. Schadendorf, J. E. Cleaver, and M. Kashani-
Sabet. PHIP as a therapeutic target for driver-negative subtypes of melanoma,
breast, and lung cancer. Proc Natl Acad Sci U S A, 115(25):E5766�E5775,
Jun 2018. [PubMed Central:PMC5977933] [DOI:10.1073/pnas.1804779115]
[PubMed:29910922].

[309] J. rez Pena, R. ez, C. nez, V. C. nchez, E. M. Galan-Moya, A. Pandiella, B. r�y,
and A. Ocana. Mapping Bromodomains in breast cancer and association with
clinical outcome.Sci Rep, 9(1):5734, Apr 2019. [PubMed Central:PMC4142212]
[DOI:10.1038/nature13045] [PubMed:24590075].

[310] C. Cho, J. Jang, Y. Kang, H. Watanabe, T. Uchihashi, S. J. Kim, K. Kato,
J. Y. Lee, and J. J. Song. ATPase histone chaperone.Nat Commun, 10(1):5764,
Dec 2019. [PubMed Central:PMC2815670] [DOI:10.1038/nprot.2013.168]
[PubMed:24356771].

[311] G. Poncet-Montange, Y. Zhan, J. P. Bardenhagen, A. Petrocchi, E. Leo,
X. Shi, G. R. Lee, P. G. Leonard, M. K. Geck Do, M. G. Cardozo, J. N.
Andersen, W. S. Palmer, P. Jones, and J. E. Ladbury. Observed bromod-
omain �exibility reveals histone peptide- and small molecule ligand-compatible
forms of ATAD2. Biochem J, 466(2):337�346, Mar 2015. [PubMed Cen-
tral:PMC3441041] [DOI:10.1042/BJ20140933] [PubMed:21919503].

[312] Y. Morozumi, F. Boussouar, M. Tan, A. Chaikuad, M. Jamshidikia, G. Colak,
H. He, L. Nie, C. Petosa, M. de Dieuleveult, S. Curtet, A. L. Vitte, C. Ra-
batel, A. Debernardi, F. L. Cosset, E. Verhoeyen, A. Emadali, N. Schweifer,
D. Gianni, M. Gut, P. Guardiola, S. Rousseaux, M. rard, S. Knapp, Y. Zhao,
and S. Khochbin. Atad2 is a generalist facilitator of chromatin dynamics in

239



embryonic stem cells.J Mol Cell Biol, 8(4):349�362, Aug 2016. [PubMed Cen-
tral:PMC2084297] [DOI:10.1093/jmcb/mjv060] [PubMed:19318566].

[313] M. €ª, E. Prosperini, M. Quarto, U. Grazini, J. Walfridsson, F. McBlane, P. Nu-
cifero, G. Pacchiana, M. Capra, J. Christensen, and K. Helin. ATAD2 is a novel
cofactor for MYC, overexpressed and ampli�ed in aggressive tumors.Can-
cer Res, 69(21):8491�8498, Nov 2009. [DOI:10.1158/0008-5472.CAN-09-2131]
[PubMed:19843847].

[314] J. X. Zou, L. Guo, A. S. Revenko, C. G. Tepper, A. T. Gemo, H. J. Kung, and
H. W. Chen. Androgen-induced coactivator ANCCA mediates speci�c androgen
receptor signaling in prostate cancer.Cancer Res, 69(8):3339�3346, Apr 2009.
[DOI:10.1158/0008-5472.CAN-08-3440] [PubMed:19318566].

[315] J. X. Zou, A. S. Revenko, L. B. Li, A. T. Gemo, and H. W. Chen. AN-
CCA, an estrogen-regulated AAA+ ATPase coactivator for ERalpha, is re-
quired for coregulator occupancy and chromatin modi�cation.Proc Natl Acad
Sci U S A, 104(46):18067�18072, Nov 2007. [PubMed Central:PMC1489001]
[DOI:10.1073/pnas.0705814104] [PubMed:12006565].

[316] F. Boussouar, M. Jamshidikia, Y. Morozumi, S. Rousseaux, and
S. Khochbin. Malignant genome reprogramming by ATAD2. Biochim Bio-
phys Acta, 1829(10):1010�1014, Oct 2013. [DOI:10.1016/j.bbagrm.2013.06.003]
[PubMed:23831842].

[317] J. C. Gay, B. E. Eckenroth, C. M. Evans, C. Langini, S. Carlson, J. T. Lloyd,
A. Ca�isch, and K. C. Glass. Disul�de bridge formation in�uences ligand
recognition by the ATAD2 bromodomain. Proteins, 87(2):157�167, Feb 2019.
[PubMed Central:PMC5633134] [DOI:10.1002/prot.25636] [PubMed:28798233].

[318] E. H. Demont, C. W. Chung, R. C. Furze, P. Grandi, A. M. Michon, C. Well-
away, N. Barrett, A. M. Bridges, P. D. Craggs, H. Diallo, D. P. Dixon,
C. Douault, A. J. Emmons, E. J. Jones, B. V. Karamshi, K. Locke, D. J.
Mitchell, B. H. Mouzon, R. K. Prinjha, A. D. Roberts, R. J. Sheppard, R. J.
Watson, and P. Bamborough. Fragment-Based Discovery of Low-Micromolar
ATAD2 Bromodomain Inhibitors. J Med Chem, 58(14):5649�5673, Jul 2015.
[DOI:10.1021/acs.jmedchem.5b00772] [PubMed:26155854].

[319] P. Bamborough, C. W. Chung, R. C. Furze, P. Grandi, A. M. Michon, R. J.
Sheppard, H. Barnett, H. Diallo, D. P. Dixon, C. Douault, E. J. Jones,
B. Karamshi, D. J. Mitchell, R. K. Prinjha, C. Rau, R. J. Watson, T. Werner,

240



and E. H. Demont. Structure-Based Optimization of Naphthyridones into Po-
tent ATAD2 Bromodomain Inhibitors. J Med Chem, 58(15):6151�6178, Aug
2015. [DOI:10.1021/acs.jmedchem.5b00773] [PubMed:26230603].

[320] P. Bamborough, C. W. Chung, E. H. Demont, R. C. Furze, A. J. Bannister,
K. H. Che, H. Diallo, C. Douault, P. Grandi, T. Kouzarides, A. M. Michon,
D. J. Mitchell, R. K. Prinjha, C. Rau, S. Robson, R. J. Sheppard, R. Upton, and
R. J. Watson. A Chemical Probe for the ATAD2 Bromodomain.Angew Chem
Int Ed Engl, 55(38):11382�11386, Sep 2016. [PubMed Central:PMC4991664]
[DOI:10.1093/jmcb/mjv060] [PubMed:26459632].

[321] D. Yao, J. Zhang, J. Wang, D. Pan, and Z. He. Discovery of novel
ATAD2 bromodomain inhibitors that trigger apoptosis and autophagy
in breast cells by structure-based virtual screening. J Enzyme Inhib
Med Chem, 35(1):713�725, Dec 2020. [PubMed Central:PMC1989667]
[DOI:10.1080/14756366.2020.1740924] [PubMed:29148850].

[322] A. E. n, M. Berger, B. Kuropka, S. J. Koo, V. Badock, J. Weiske, V. Puetter,
S. J. Holton, D. ckigt, A. Ter Laak, P. A. Centrella, M. A. Clark, C. E. Dumelin,
E. A. Sigel, H. H. Soutter, D. M. Troast, Y. Zhang, J. W. Cuozzo, A. D. Keefe,
D. Roche, V. Rodeschini, A. Chaikuad, L. ez, J. M. Bennett, O. Fedorov,
K. V. M. Huber, J. bner, H. Weinmann, I. V. Hartung, and M. cz. Isoform-
Selective ATAD2 Chemical Probe with Novel Chemical Structure and Unusual
Mode of Action. ACS Chem Biol, 12(11):2730�2736, Nov 2017. [PubMed Cen-
tral:PMC5610075] [DOI:10.1016/j.chembiol.2017.05.024] [PubMed:28648379].

[323] S. Ziemin-van der Poel, N. R. McCabe, H. J. Gill, R. Espinosa, Y. Patel,
A. Harden, P. Rubinelli, S. D. Smith, M. M. LeBeau, and J. D. Rowley. Iden-
ti�cation of a gene, MLL, that spans the breakpoint in 11q23 translocations
associated with human leukemias.Proc Natl Acad Sci U S A, 88(23):10735�
10739, Dec 1991. [PubMed Central:PMC53005] [DOI:10.1073/pnas.88.23.10735]
[PubMed:2307473].

[324] E. Canaani, T. Nakamura, T. Rozovskaia, S. T. Smith, T. Mori, C. M.
Croce, and A. Mazo. ALL-1/MLL1, a homologue of Drosophila TRITHO-
RAX, modi�es chromatin and is directly involved in infant acute leukaemia.
Br J Cancer, 90(4):756�760, Feb 2004. [PubMed Central:PMC27946]
[DOI:10.1038/sj.bjc.6601639] [PubMed:12642866].

[325] T. A. Milne, S. D. Briggs, H. W. Brock, M. E. Martin, D. Gibbs, C. D. Allis,
and J. L. Hess. MLL targets SET domain methyltransferase activity to Hox

241



gene promoters. Mol Cell, 10(5):1107�1117, Nov 2002. [DOI:10.1016/s1097-
2765(02)00741-4] [PubMed:12453418].

[326] Y. Dou, T. A. Milne, A. J. Ruthenburg, S. Lee, J. W. Lee, G. L. Verdine,
C. D. Allis, and R. G. Roeder. Regulation of MLL1 H3K4 methyltransferase
activity by its core components.Nat Struct Mol Biol, 13(8):713�719, Aug 2006.
[DOI:10.1038/nsmb1128] [PubMed:16878130].

[327] P. Ernst, J. Wang, M. Huang, R. H. Goodman, and S. J. Korsmeyer. MLL
and CREB bind cooperatively to the nuclear coactivator CREB-binding pro-
tein. Mol Cell Biol, 21(7):2249�2258, Apr 2001. [PubMed Central:PMC85947]
[DOI:10.1128/MCB.21.7.2249-2258.2001] [PubMed:10866654].

[328] M. Ali, R. A. Hom, W. Blakeslee, L. Ikenouye, and T. G. Kutateladze.
Diverse functions of PHD �ngers of the MLL/KMT2 subfamily. Biochim
Biophys Acta, 1843(2):366�371, Feb 2014. [PubMed Central:PMC2697266]
[DOI:10.1016/j.bbamcr.2013.11.016] [PubMed:19430464].

[329] O. M. Sobulo, J. Borrow, R. Tomek, S. Reshmi, A. Harden, B. Schlegelberger,
D. Housman, N. A. Doggett, J. D. Rowley, and N. J. Zeleznik-Le. MLL is
fused to CBP, a histone acetyltransferase, in therapy-related acute myeloid
leukemia with a t(11;16)(q23;p13.3).Proc Natl Acad Sci U S A, 94(16):8732�
8737, Aug 1997. [PubMed Central:PMC312404] [DOI:10.1073/pnas.94.16.8732]
[PubMed:9177780].

[330] M. A. Dawson, R. K. Prinjha, A. Dittmann, G. Giotopoulos, M. Bantsche�,
W. I. Chan, S. C. Robson, C. W. Chung, C. Hopf, M. M. Savitski, C. Huth-
macher, E. Gudgin, D. Lugo, S. Beinke, T. D. Chapman, E. J. Roberts,
P. E. Soden, K. R. Auger, O. Mirguet, K. Doehner, R. Delwel, A. K. Bur-
nett, P. Je�rey, G. Drewes, K. Lee, B. J. Huntly, and T. Kouzarides. Inhi-
bition of BET recruitment to chromatin as an e�ective treatment for MLL-
fusion leukaemia. Nature, 478(7370):529�533, Oct 2011. [PubMed Cen-
tral:PMC3785147] [DOI:10.1038/nature10509] [PubMed:19783980].

[331] C. Y. Fong, O. Gilan, E. Y. Lam, A. F. Rubin, S. Ftouni, D. Tyler, K. Stan-
ley, D. Sinha, P. Yeh, J. Morison, G. Giotopoulos, D. Lugo, P. Je�rey, S. C.
Lee, C. Carpenter, R. Gregory, R. G. Ramsay, S. W. Lane, O. Abdel-Wahab,
T. Kouzarides, R. W. Johnstone, S. J. Dawson, B. J. Huntly, R. K. Prinjha,
A. T. Papenfuss, and M. A. Dawson. BET inhibitor resistance emerges from
leukaemia stem cells. Nature, 525(7570):538�542, Sep 2015. [PubMed Cen-
tral:PMC1239896] [DOI:10.1038/nature14898] [PubMed:16199517].

242



[332] L. Zhu, Q. Li, S. H. Wong, M. Huang, B. J. Klein, J. Shen, L. Ikenouye, M. On-
ishi, D. Schneidawind, C. Buechele, L. Hansen, J. Duque-Afonso, F. Zhu, G. M.
Martin, O. Gozani, R. Majeti, T. G. Kutateladze, and M. L. Cleary. ASH1L
Links Histone H3 Lysine 36 Dimethylation to MLL Leukemia.Cancer Discov,
6(7):770�783, Jul 2016. [PubMed Central:PMC1239896] [DOI:10.1158/2159-
8290.CD-16-0058] [PubMed:16199517].

[333] G. Meroni and G. Diez-Roux. TRIM/RBCC, a novel class of 'single protein
RING �nger' E3 ubiquitin ligases. Bioessays, 27(11):1147�1157, Nov 2005.
[DOI:10.1002/bies.20304] [PubMed:16237670].

[334] S. Hatakeyama. TRIM Family Proteins: Roles in Autophagy, Immu-
nity, and Carcinogenesis. Trends Biochem Sci, 42(4):297�311, Apr 2017.
[DOI:10.1016/j.tibs.2017.01.002] [PubMed:28118948].

[335] B. Herquel, K. Ouararhni, and I. Davidson. -related TRIM cofactors couple
chromatin modi�cations to transcriptional regulation, signaling and tumor sup-
pression. Transcription , 2(5):231�236, 2011. [PubMed Central:PMC2706992]
[DOI:10.4161/trns.2.5.17725] [PubMed:19629168].

[336] J. Chen, Z. Wang, X. Guo, F. Li, Q. Wei, X. Chen, D. Gong, Y. Xu, W. Chen,
Y. Liu, J. Kang, and Y. Shi. TRIM66 reads unmodi�ed H3R2K4 and H3K56ac
to respond to DNA damage in embryonic stem cells.Nat Commun, 10(1):4273,
Sep 2019. [PubMed Central:PMC3535273] [DOI:10.1002/chem.201601871]
[PubMed:27276173].

[337] R. V. Stevens, D. Esposito, and K. Rittinger. Characterisation of class VI
TRIM RING domains: linking RING activity to C-terminal domain iden-
tity. Life Sci Alliance, 2(3), Jun 2019. [PubMed Central:PMC5023043]
[DOI:10.1107/S0021889800014126] [PubMed:27630371].

[338] F. Fiorentini, D. Esposito, and K. Rittinger. Does it take two to tango? RING
domain self-association and activity in TRIM E3 ubiquitin ligases. Biochem
Soc Trans, 48(6):2615�2624, Dec 2020. [PubMed Central:PMC3400954]
[DOI:10.1093/bioinformatics/bts302] [PubMed:22618536].

[339] K. Allton, A. K. Jain, H. M. Herz, W. W. Tsai, S. Y. Jung, J. Qin, A. Bergmann,
R. L. Johnson, and M. C. Barton. Trim24 targets endogenous p53 for degra-
dation. Proc Natl Acad Sci U S A, 106(28):11612�11616, Jul 2009. [PubMed
Central:PMC1952101] [DOI:10.1073/pnas.0813177106] [PubMed:15863505].

[340] H. Li, L. Sun, Z. Tang, L. Fu, Y. Xu, Z. Li, W. Luo, X. Qiu, and E. Wang.
Overexpression of TRIM24 correlates with tumor progression in non-small cell

243



lung cancer. PLoS One, 7(5):e37657, 2012. [PubMed Central:PMC2788730]
[DOI:10.1371/journal.pone.0037657] [PubMed:12911822].

[341] M. Chambon, B. Orsetti, M. L. Berthe, C. Bascoul-Mollevi, C. Rodriguez,
V. Duong, M. Gleizes, S. not, F. Bibeau, C. Theillet, and V. s. gene expres-
sion in breast cancer. Am J Pathol, 178(4):1461�1469, Apr 2011. [PubMed
Central:PMC1635162] [DOI:10.1016/j.ajpath.2010.12.026] [PubMed:19844164].

[342] X. Liu, Y. Huang, D. Yang, X. Li, J. Liang, L. Lin, M. Zhang, K. Zhong,
B. Liang, and J. Li. Overexpression of TRIM24 is associated with the on-
set and progress of human hepatocellular carcinoma.PLoS One, 9(1):e85462,
2014. [PubMed Central:PMC2112361] [DOI:10.1371/journal.pone.0085462]
[PubMed:7142291].

[343] D. �mayer, C. Fraune, C. Hube-Magg, R. Simon, C. Schroeder, F. scheck,
K. ller, D. Dum, S. Weidemann, C. Wittmer, T. Schlomm, H. Huland,
H. Heinzer, M. Graefen, A. Haese, G. Sauter, E. Burandt, T. S. Clau-
ditz, S. Steurer, S. Minner, W. Wilczak, and A. Polonski. Overexpression
of the TRIM24 E3 Ubiquitin Ligase is Linked to Genetic Instability and
Predicts Unfavorable Prognosis in Prostate Cancer.Appl Immunohistochem
Mol Morphol, 29(4):e29�e38, Apr 2021. [DOI:10.1097/PAI.0000000000000901]
[PubMed:33491944].

[344] Z. Fang, J. Deng, L. Zhang, X. Xiang, F. Yu, J. Chen, M. Feng, and J. Xiong.
-catenin signaling pathway.Oncol Lett, 13(3):1797�1806, Mar 2017. [PubMed
Central:PMC2861485] [DOI:10.1016/j.bbrc.2011.04.009] [PubMed:21501592].

[345] Y. Zhan, M. Kost-Alimova, X. Shi, E. Leo, J. P. Bardenhagen, H. E. Shepard,
S. Appikonda, B. Vangamudi, S. Zhao, T. N. Tieu, S. Jiang, T. P. He�ernan,
J. R. Marszalek, C. Toniatti, G. Draetta, J. Tyler, M. Barton, P. Jones, W. S.
Palmer, M. K. Geck Do, and J. N. Andersen. Development of novel cellular
histone-binding and chromatin-displacement assays for bromodomain drug dis-
covery. Epigenetics Chromatin, 8:37, 2015. [PubMed Central:PMC2084297]
[DOI:10.1073/pnas.0705814104] [PubMed:17998543].

[346] J. R. Friedman, W. J. Fredericks, D. E. Jensen, D. W. Speicher, X. P. Huang,
E. G. Neilson, and F. J. Rauscher. KAP-1, a novel corepressor for the highly
conserved KRAB repression domain.Genes Dev, 10(16):2067�2078, Aug 1996.
[DOI:10.1101/gad.10.16.2067] [PubMed:8769649].

[347] P. Moosmann, O. Georgiev, B. Le Douarin, J. P. Bourquin, and W. Scha�ner.
Transcriptional repression by RING �nger protein TIF1 beta that interacts

244



with the KRAB repressor domain of KOX1. Nucleic Acids Res, 24(24):4859�
4867, Dec 1996. [PubMed Central:PMC146346] [DOI:10.1093/nar/24.24.4859]
[PubMed:8769649].

[348] A. L. Nielsen, J. A. Ortiz, J. You, M. Oulad-Abdelghani, R. Khechumian,
A. Gansmuller, P. Chambon, and R. Losson. Interaction with members of
the heterochromatin protein 1 (HP1) family and histone deacetylation are dif-
ferentially involved in transcriptional silencing by members of the TIF1 fam-
ily. EMBO J, 18(22):6385�6395, Nov 1999. [PubMed Central:PMC1171701]
[DOI:10.1093/emboj/18.22.6385] [PubMed:10562550].

[349] M. Watanabe, Y. Saeki, H. Takahashi, F. Ohtake, Y. Yoshida, Y. Kasuga,
T. Kondo, H. Yaguchi, M. Suzuki, H. Ishida, K. Tanaka, and S. Hatakeyama.
A substrate-trapping strategy to �nd E3 ubiquitin ligase substrates identi�es
Parkin and TRIM28 targets. Commun Biol, 3(1):592, Oct 2020. [PubMed
Central:PMC3160258] [DOI:10.1038/emboj.2011.204] [PubMed:21694720].

[350] A. V. Ivanov, H. Peng, V. Yurchenko, K. L. Yap, D. G. Negorev, D. C. Schultz,
E. Psulkowski, W. J. Fredericks, D. E. White, G. G. Maul, M. J. Sadofsky,
M. M. Zhou, and F. J. Rauscher. PHD domain-mediated E3 ligase activity di-
rects intramolecular sumoylation of an adjacent bromodomain required for gene
silencing. Mol Cell, 28(5):823�837, Dec 2007. [PubMed Central:PMC1430232]
[DOI:10.1016/j.molcel.2007.11.012] [PubMed:16085498].

[351] Z. X. Qi, J. J. Cai, L. C. Chen, Q. Yue, Y. Gong, Y. Yao, and Y. Mao. TRIM28
as an independent prognostic marker plays critical roles in glioma progres-
sion. J Neurooncol, 126(1):19�26, Jan 2016. [DOI:10.1007/s11060-015-1897-8]
[PubMed:9136456].

[352] F. Li, Z. Wang, and G. Lu. TRIM28 promotes cervical cancer growth
through the mTOR signaling pathway. Oncol Rep, 39(4):1860�1866, Apr 2018.
[DOI:10.3892/or.2018.6235] [PubMed:29393469].

[353] J. O. Jin, G. D. Lee, S. H. Nam, T. H. Lee, D. H. Kang, J. K. Yun,
and P. C. Lee. Sequential ubiquitination of p53 by TRIM28, RLIM, and
MDM2 in lung tumorigenesis. Cell Death Di�er , 28(6):1790�1803, Jun
2021. [PubMed Central:PMC6343492] [DOI:10.1158/1541-7786.MCR-18-0366]
[PubMed:30072581].

[354] Y. Wang, J. Jiang, Q. Li, H. Ma, Z. Xu, and Y. Gao. KAP1 is over-
expressed in hepatocellular carcinoma and its clinical signi�cance. Int
J Clin Oncol, 21(5):927�933, Oct 2016. [DOI:10.1007/s10147-016-0979-8]
[PubMed:21669397].

245



[355] K. P. Yan, P. €’, M. Mark, T. Lerouge, O. Wendling, P. Chambon, and R. Los-
son. Molecular cloning, genomic structure, and expression analysis of the mouse
transcriptional intermediary factor 1 gamma gene.Gene, 334:3�13, Jun 2004.
[DOI:10.1016/j.gene.2004.02.056] [PubMed:15256250].

[356] D. G. Ransom, N. Bahary, K. Niss, D. Traver, C. Burns, N. S. Trede, N. Pa�ett-
Lugassy, W. J. Saganic, C. A. Lim, C. Hersey, Y. Zhou, B. A. Barut, S. Lin,
P. D. Kingsley, J. Palis, S. H. Orkin, and L. I. Zon. The zebra�sh moon-
shine gene encodes transcriptional intermediary factor 1gamma, an essential
regulator of hematopoiesis.PLoS Biol, 2(8):E237, Aug 2004. [PubMed Cen-
tral:PMC231889] [DOI:10.1371/journal.pbio.0020237] [PubMed:10806494].

[357] S. Dupont, A. Mamidi, M. Cordenonsi, M. Montagner, L. Zacchigna,
M. Adorno, G. Martello, M. J. Stinch�eld, S. Soligo, L. Morsut, M. Inui,
S. Moro, N. Modena, F. Argenton, S. J. Newfeld, and S. Piccolo.
FAM/USP9x, a deubiquitinating enzyme essential for TGFbeta signal-
ing, controls Smad4 monoubiquitination. Cell, 136(1):123�135, Jan 2009.
[DOI:10.1016/j.cell.2008.10.051] [PubMed:19135894].

[358] D. F. Vincent, K. P. Yan, I. Treilleux, F. Gay, V. Ar�, B. Kaniewski, J. C.
Marie, F. Lepinasse, S. Martel, S. Goddard-Leon, J. L. Iovanna, P. Dubus,
S. Garcia, A. Puisieux, R. Rimokh, N. Bardeesy, J. Y. Scoazec, R. Losson,
and L. Bartholin. Inactivation of TIF1gamma cooperates with Kras to induce
cystic tumors of the pancreas.PLoS Genet, 5(7):e1000575, Jul 2009. [PubMed
Central:PMC312845] [DOI:10.1371/journal.pgen.1000575] [PubMed:18821589].

[359] C. Hesling, L. Fattet, G. Teyre, D. Jury, P. Gonzalo, J. Lopez, C. Vanbelle, A. P.
Morel, G. Gillet, I. Mikaelian, and R. Rimokh. and Smad4 in mammary epithe-
lial cells. EMBO Rep, 12(7):665�672, Jul 2011. [PubMed Central:PMC2706992]
[DOI:10.1038/embor.2011.78] [PubMed:19629168].

[360] R. Aucagne, N. Droin, J. Paggetti, B. Lagrange, A. Largeot, A. Hammann,
A. Bataille, L. Martin, K. P. Yan, P. Fenaux, R. Losson, E. Solary, J. N.
Bastie, and L. Delva. is a tumor suppressor in mouse and human chronic
myelomonocytic leukemia.J Clin Invest, 121(6):2361�2370, Jun 2011. [PubMed
Central:PMC2706992] [DOI:10.1038/onc.2010.254] [PubMed:20581860].

[361] E. Agricola, R. A. Randall, T. Gaarenstroom, S. Dupont, and C. S. Hill.
to chromatin via its PHD �nger-bromodomain activates its ubiquitin ligase
and transcriptional repressor activities. Mol Cell, 43(1):85�96, Jul 2011.
[DOI:10.1016/j.molcel.2011.05.020] [PubMed:21726812].

246



[362] Q. Xi, Z. Wang, A. I. Zaromytidou, X. H. Zhang, L. F. Chow-Tsang, J. X. Liu,
H. Kim, A. Barlas, K. Manova-Todorova, V. Kaartinen, L. Studer, W. Mark,
D. J. Patel, and J. €’. access to master regulators. Cell, 147(7):1511�1524,
Dec 2011. [PubMed Central:PMC2861293] [DOI:10.1016/j.cell.2011.11.032]
[PubMed:19575677].

[363] R. M. McAvera and L. J. Crawford. TIF1 Proteins in Genome Stability and
Cancer. Cancers (Basel), 12(8), Jul 2020. [PubMed Central:PMC4720891]
[DOI:10.1038/cddis.2015.358] [PubMed:26720344].

[364] F. Gong, L. Y. Chiu, B. Cox, F. Aymard, T. Clouaire, J. W. Leung, M. Cam-
marata, M. Perez, P. Agarwal, J. S. Brodbelt, G. Legube, and K. M. Miller.
Screen identi�es bromodomain protein ZMYND8 in chromatin recognition of
transcription-associated DNA damage that promotes homologous recombina-
tion. Genes Dev, 29(2):197�211, Jan 2015. [PubMed Central:PMC4142212]
[DOI:10.1101/gad.252189.114] [PubMed:16862143].

[365] F. Gong, L. Y. Chiu, and K. M. Miller. Acetylation Reader Pro-
teins: Linking Acetylation Signaling to Genome Maintenance and Cancer.
PLoS Genet, 12(9):e1006272, Sep 2016. [PubMed Central:PMC3892387]
[DOI:10.1002/cam4.146] [PubMed:24403256].

[366] J. V. Tjeertes, K. M. Miller, and S. P. Jackson. Screen for DNA-damage-
responsive histone modi�cations identi�es H3K9Ac and H3K56Ac in human
cells. EMBO J, 28(13):1878�1889, Jul 2009. [PubMed Central:PMC2671231]
[DOI:10.1038/emboj.2009.119] [PubMed:16862143].

[367] K. M. Miller, J. V. Tjeertes, J. Coates, G. Legube, S. E. Polo, S. Brit-
ton, and S. P. Jackson. Human HDAC1 and HDAC2 function in the
DNA-damage response to promote DNA nonhomologous end-joining.Nat
Struct Mol Biol, 17(9):1144�1151, Sep 2010. [PubMed Central:PMC2335316]
[DOI:10.1038/nsmb.1899] [PubMed:17412634].

[368] A. Battu, A. Ray, and A. A. Wani. ASF1A and ATM regulate H3K56-
mediated cell-cycle checkpoint recovery in response to UV irradiation.Nu-
cleic Acids Res, 39(18):7931�7945, Oct 2011. [PubMed Central:PMC3334813]
[DOI:10.1093/nar/gkr523] [PubMed:17272722].

[369] J. Yuan, M. Pu, Z. Zhang, and Z. Lou. Histone H3-K56 acetylation
is important for genomic stability in mammals. Cell Cycle, 8(11):1747�
1753, Jun 2009. [PubMed Central:PMC2853975] [DOI:10.4161/cc.8.11.8620]
[PubMed:18235501].

247



[370] I. Fraschilla and K. L. Je�rey. The Speckled Protein (SP) Family: Immunity's
Chromatin Readers.Trends Immunol, 41(7):572�585, Jul 2020. [PubMed Cen-
tral:PMC6092193] [DOI:10.1101/2020.01.07.897553] [PubMed:29930091].

[371] L. Bouchier-Hayes and S. J. Martin. CARD games in apoptosis and im-
munity. EMBO Rep, 3(7):616�621, Jul 2002. [PubMed Central:PMC20230]
[DOI:10.1093/embo-reports/kvf139] [PubMed:9989495].

[372] M. J. Bottomley, M. W. Collard, J. I. Huggenvik, Z. Liu, T. J. Gibson,
and M. Sattler. The SAND domain structure de�nes a novel DNA-binding
fold in transcriptional regulation. Nat Struct Biol, 8(7):626�633, Jul 2001.
[DOI:10.1038/89675] [PubMed:11427895].

[373] M. Water�eld, I. S. Khan, J. T. Cortez, U. Fan, T. Metzger, A. Greer,
K. Fasano, M. Martinez-Llordella, J. L. Pollack, D. J. Erle, M. Su, and
M. S. Anderson. The transcriptional regulator Aire coopts the repressive
ATF7ip-MBD1 complex for the induction of immunotolerance.Nat Immunol,
15(3):258�265, Mar 2014. [PubMed Central:PMC545600] [DOI:10.1038/ni.2820]
[PubMed:16646809].

[374] T. Sternsdorf, H. H. Guldner, C. Szostecki, T. tzinger, and H. Will. Two
nuclear dot-associated proteins, PML and Sp100, are often co-autoimmunogenic
in patients with primary biliary cirrhosis. Scand J Immunol, 42(2):257�268, Aug
1995. [DOI:10.1111/j.1365-3083.1995.tb03652.x] [PubMed:7631159].

[375] M. guez. The Fate of Speckled Protein 100 (Sp100) During Herpesviruses
Infection. Front Cell Infect Microbiol, 10:607526, 2020. [PubMed Cen-
tral:PMC6442546] [DOI:10.1002/rmv.2034] [PubMed:30706584].

[376] V. Lallemand-Breitenbach and H. €’. PML nuclear bodies. Cold Spring
Harb Perspect Biol, 2(5):a000661, May 2010. [PubMed Central:PMC20553]
[DOI:10.1101/cshperspect.a000661] [PubMed:9108090].

[377] A. Corpet, C. Kleijwegt, S. Roubille, F. Juillard, K. Jacquet, P. Texier, and
P. Lomonte. PML nuclear bodies and chromatin dynamics: catch me if you
can! Nucleic Acids Res, 48(21):11890�11912, Dec 2020. [PubMed Cen-
tral:PMC5679165] [DOI:10.1093/nar/gkaa828] [PubMed:28931625].

[378] X. Zhang, D. Zhao, X. Xiong, Z. He, and H. Li. Multifaceted Histone H3
Methylation and Phosphorylation Readout by the Plant Homeodomain Fin-
ger of Human Nuclear Antigen Sp100C.J Biol Chem, 291(24):12786�12798,
Jun 2016. [PubMed Central:PMC4460490] [DOI:10.1074/jbc.M116.721159]
[PubMed:25538301].

248



[379] S. C. Fossey, S. Kuroda, J. A. Price, J. K. Pendleton, B. I. Freedman,
and D. W. Bowden. Identi�cation and characterization of PRKCBP1, a
candidate RACK-like protein. Mamm Genome, 11(10):919�925, Oct 2000.
[DOI:10.1007/s003350010174] [PubMed:11003709].

[380] G. Hateboer, A. Gennissen, Y. F. Ramos, R. M. Kerkhoven, V. Sonntag-Buck,
H. G. Stunnenberg, and R. Bernards. BS69, a novel adenovirus E1A-associated
protein that inhibits E1A transactivation. EMBO J, 14(13):3159�3169, Jul
1995. [PubMed Central:PMC394377] [DOI:10.1002/j.1460-2075.1995.tb07318.x]
[PubMed:7101731].

[381] S. Adhikary, S. Sanyal, M. Basu, I. Sengupta, S. Sen, D. K. Srivas-
tava, S. Roy, and C. Das. Selective Recognition of H3.1K36 Dimethyla-
tion/H4K16 Acetylation Facilitates the Regulation of All-trans-retinoic Acid
(ATRA)-responsive Genes by Putative Chromatin Reader ZMYND8. J
Biol Chem, 291(6):2664�2681, Feb 2016. [PubMed Central:PMC3685327]
[DOI:10.1074/jbc.M115.679985] [PubMed:23697937].

[382] H. Wen, Y. Li, Y. Xi, S. Jiang, S. Stratton, D. Peng, K. Tanaka, Y. Ren,
Z. Xia, J. Wu, B. Li, M. C. Barton, W. Li, H. Li, and X. Shi. ZMYND11
links histone H3.3K36me3 to transcription elongation and tumour suppres-
sion. Nature, 508(7495):263�268, Apr 2014. [PubMed Central:PMC4059214]
[DOI:10.1038/nature13045] [PubMed:22157079].

[383] P. Savitsky, T. Krojer, T. Fujisawa, J. P. Lambert, S. Picaud, C. Y. Wang, E. K.
Shanle, K. Krajewski, H. Friedrichsen, A. Kanapin, C. Goding, M. Schapira,
A. Samsonova, B. D. Strahl, A. C. Gingras, and P. Filippakopoulos. Multivalent
Histone and DNA Engagement by a PHD/BRD/PWWP Triple Reader Cassette
Recruits ZMYND8 to K14ac-Rich Chromatin. Cell Rep, 17(10):2724�2737,
Dec 2016. [PubMed Central:PMC3582033] [DOI:10.1016/j.celrep.2016.11.014]
[PubMed:16885027].

[384] X. Jin, X. E. Xu, Y. Z. Jiang, Y. R. Liu, W. Sun, Y. J. Guo, Y. X.
Ren, W. J. Zuo, X. Hu, S. L. Huang, H. J. Shen, F. Lan, Y. F. He,
G. H. Hu, G. H. Di, X. H. He, D. Q. Li, S. Liu, K. D. Yu, and Z. M.
Shao. The endogenous retrovirus-derived long noncoding RNA TROJAN
promotes triple-negative breast cancer progression via ZMYND8 degrada-
tion. Sci Adv, 5(3):eaat9820, Mar 2019. [PubMed Central:PMC5100567]
[DOI:10.1126/sciadv.aat9820] [PubMed:27458201].

[385] M. Basu, M. W. Khan, P. Chakrabarti, and C. Das. Chromatin reader ZMYND8
is a key target of all trans retinoic acid-mediated inhibition of cancer cell prolif-

249



eration. Biochim Biophys Acta Gene Regul Mech, 1860(4):450�459, Apr 2017.
[DOI:10.1016/j.bbagrm.2017.02.004] [PubMed:28232094].

[386] S. Mukherjee, S. Adhikary, S. S. Gadad, P. Mondal, S. Sen, R. Choudhari,
V. Singh, S. Adhikari, P. Mandal, S. Chaudhuri, A. Sengupta, R. Laksh-
manaswamy, P. Chakrabarti, S. Roy, and C. Das. Suppression of poised onco-
genes by ZMYND8 promotes chemo-sensitization.Cell Death Dis, 11(12):1073,
Dec 2020. [PubMed Central:PMC4751694] [DOI:10.1038/onc.2012.477]
[PubMed:11823860].

[387] B. Tang, R. Sun, D. Wang, H. Sheng, T. Wei, L. Wang, J. Zhang, T. H. Ho,
L. Yang, Q. Wei, and H. Huang. ZMYND8 preferentially binds phosphory-
lated EZH2 to promote a PRC2-dependent to -independent function switch in
hypoxia-inducible factor-activated cancer.Proc Natl Acad Sci U S A, 118(8),
Feb 2021. [PubMed Central:PMC3131083] [DOI:10.1073/pnas.2019052118]
[PubMed:23201125].

[388] Y. Chen, Y. H. Tsai, and S. H. Tseng. Regulation of ZMYND8 to
Treat Cancer. Molecules, 26(4), Feb 2021. [PubMed Central:PMC2689101]
[DOI:10.1172/JCI39104] [PubMed:10485491].

[389] H. Yang, C. Zhang, X. Zhao, Q. Wu, X. Fu, B. Yu, Y. Shao, M. Guan, W. Zhang,
J. Wan, and X. Huang. Analysis of copy number variations of BS69 in multiple
types of hematological malignancies.Ann Hematol, 89(10):959�964, Oct 2010.
[DOI:10.1007/s00277-010-0966-5] [PubMed:20425112].

[390] S. J. Hogg, A. Newbold, S. J. Vervoort, L. A. Cluse, B. P. Martin, G. P. Gre-
gory, M. Lefebure, E. Vidacs, R. W. Tothill, J. E. Bradner, J. Shortt, and
R. W. Johnstone. BET Inhibition Induces Apoptosis in Aggressive B-Cell
Lymphoma via Epigenetic Regulation of BCL-2 Family Members.Mol Can-
cer Ther, 15(9):2030�2041, Sep 2016. [DOI:10.1158/1535-7163.MCT-15-0924]
[PubMed:27406984].

[391] T. E. C. Cummin, K. L. Cox, T. D. Murray, A. H. Turaj, L. Dunning,
V. L. English, R. Fell, G. Packham, Y. Ma, B. Powell, P. W. M. John-
son, M. S. Cragg, and M. J. Carter. BET inhibitors synergize with veneto-
clax to induce apoptosis in MYC-driven lymphomas with high BCL-2 expres-
sion. Blood Adv, 4(14):3316�3328, Jul 2020. [PubMed Central:PMC2643823]
[DOI:10.1182/bloodadvances.2020002231] [PubMed:19103749].

[392] G. Yang, D. Zhou, J. Li, W. Wang, W. Zhong, W. Fan, M. Yu, and H. Cheng.
VDAC1 is regulated by BRD4 and contributes to JQ1 resistance in breast

250



cancer.Oncol Lett, 18(3):2340�2347, Sep 2019. [PubMed Central:PMC4433775]
[DOI:10.1016/j.drudis.2015.03.001] [PubMed:25766095].

[393] S. Shu, H. J. Wu, J. Y. Ge, R. Zeid, I. S. Harris, B. Ä, K. Murphy, B. Wang,
X. Qiu, J. E. Endress, J. Reyes, K. Lim, A. Font-Tello, S. Syamala, T. Xiao,
C. S. Reddy Chilamakuri, E. K. Papachristou, C. D'Santos, J. Anand, K. Hi-
nohara, W. Li, T. O. McDonald, A. Luoma, R. J. Modiste, Q. D. Nguyen,
B. Michel, P. Cejas, C. Kadoch, J. D. Ja�e, K. W. Wucherpfennig, J. Qi, X. S.
Liu, H. Long, M. Brown, J. S. Carroll, J. S. Brugge, J. Bradner, F. Michor, and
K. Polyak. Synthetic Lethal and Resistance Interactions with BET Bromod-
omain Inhibitors in Triple-Negative Breast Cancer.Mol Cell, 78(6):1096�1113,
Jun 2020. [PubMed Central:PMC2592715] [DOI:10.1016/j.molcel.2020.04.027]
[PubMed:18798982].

[394] J. Shahbazi, P. Y. Liu, B. Atmadibrata, J. E. Bradner, G. M. Marshall,
R. B. Lock, and T. Liu. The Bromodomain Inhibitor JQ1 and the Histone
Deacetylase Inhibitor Panobinostat Synergistically Reduce N-Myc Expression
and Induce Anticancer E�ects. Clin Cancer Res, 22(10):2534�2544, May 2016.
[DOI:10.1158/1078-0432.CCR-15-1666] [PubMed:26733615].

[395] W. Fiskus, S. Sharma, J. Qi, J. A. Valenta, L. J. Schaub, B. Shah, K. Peth,
B. P. Portier, M. Rodriguez, S. G. Devaraj, M. Zhan, J. Sheng, S. P. Iyer, J. E.
Bradner, and K. N. Bhalla. Highly active combination of BRD4 antagonist and
histone deacetylase inhibitor against human acute myelogenous leukemia cells.
Mol Cancer Ther, 13(5):1142�1154, May 2014. [DOI:10.1158/1535-7163.MCT-
13-0770] [PubMed:24435446].

[396] G. Manzotti, A. Ciarrocchi, and V. Sancisi. Inhibition of BET Pro-
teins and Histone Deacetylase (HDACs): Crossing Roads in Cancer Ther-
apy. Cancers (Basel), 11(3), Mar 2019. [PubMed Central:PMC6003484]
[DOI:10.1073/pnas.1721559115] [PubMed:29735668].

[397] C. Saygin and H. E. Carraway. Emerging therapies for acute myeloid leukemia.
J Hematol Oncol, 10(1):93, Apr 2017. [PubMed Central:PMC3366067]
[DOI:10.1038/bcj.2012.14] [PubMed:22829971].

[398] F. Anwer, K. M. Gee, A. Iftikhar, M. Baig, A. D. Russ, S. Saeed, M. A.
Zar, F. Razzaq, J. Carew, S. Nawrocki, H. Al-Kateb, N. N. Cavalcante Parr,
A. McBride, J. Valent, and C. Samaras. Future of Personalized Therapy Tar-
geting Aberrant Signaling Pathways in Multiple Myeloma. Clin Lymphoma
Myeloma Leuk, 19(7):397�405, Jul 2019. [PubMed Central:PMC3871251]
[DOI:10.1016/j.clml.2019.03.017] [PubMed:24382391].

251



[399] A. L. Miller, P. L. Garcia, and K. J. Yoon. Developing e�ective combina-
tion therapy for pancreatic cancer: An overview.Pharmacol Res, 155:104740,
May 2020. [PubMed Central:PMC6325849] [DOI:10.1016/j.phrs.2020.104740]
[PubMed:30621630].

[400] A. Andrikopoulou, M. Liontos, K. Koutsoukos, M. A. Dimopoulos, and
F. Zagouri. Clinical perspectives of BET inhibition in ovarian cancer.
Cell Oncol (Dordr), 44(2):237�249, Apr 2021. [PubMed Central:6893301]
[DOI:10.1007/s13402-020-00578-6] [PubMed:31018997].

[401] A. Andrikopoulou, M. Liontos, K. Koutsoukos, M. A. Dimopoulos, and
F. Zagouri. The emerging role of BET inhibitors in breast can-
cer. Breast, 53:152�163, Oct 2020. [PubMed Central:PMC5368030]
[DOI:10.1016/j.celrep.2018.02.011] [PubMed:29490263].

[402] L. Yang, Y. Zhang, W. Shan, Z. Hu, J. Yuan, J. Pi, Y. Wang, L. Fan,
Z. Tang, C. Li, X. Hu, J. L. Tanyi, Y. Fan, Q. Huang, K. Montone, C. V.
Dang, and L. Zhang. Repression of BET activity sensitizes homologous
recombination-pro�cient cancers to PARP inhibition. Sci Transl Med, 9(400),
Jul 2017. [PubMed Central:PMC3683358] [DOI:10.1126/scitranslmed.aal1645]
[PubMed:23728299].

[403] K. M. Sakamoto, K. B. Kim, A. Kumagai, F. Mercurio, C. M. Crews, and
R. J. Deshaies. Protacs: chimeric molecules that target proteins to the
Skp1-Cullin-F box complex for ubiquitination and degradation. Proc Natl
Acad Sci U S A, 98(15):8554�8559, Jul 2001. [PubMed Central:PMC109526]
[DOI:10.1073/pnas.141230798] [PubMed:9427662].

[404] D. Remillard, D. L. Buckley, J. Paulk, G. L. Brien, M. Sonnett, H. S. Seo,
S. Dastjerdi, M. hr, S. Dhe-Paganon, S. A. Armstrong, and J. E. Bradner.
Degradation of the BAF Complex Factor BRD9 by Heterobifunctional Lig-
ands. Angew Chem Int Ed Engl, 56(21):5738�5743, May 2017. [PubMed Cen-
tral:PMC4755107] [DOI:10.1002/anie.201611281] [PubMed:26139243].

[405] L. N. Gechijian, D. L. Buckley, M. A. Lawlor, J. M. Reyes, J. Paulk, C. J. Ott,
G. E. Winter, M. A. Erb, T. G. Scott, M. Xu, H. S. Seo, S. Dhe-Paganon, N. P.
Kwiatkowski, J. A. Perry, J. Qi, N. S. Gray, and J. E. Bradner. Functional
TRIM24 degrader via conjugation of ine�ectual bromodomain and VHL lig-
ands.Nat Chem Biol, 14(4):405�412, Apr 2018. [PubMed Central:PMC2592715]
[DOI:10.1186/gb-2008-9-9-r137] [PubMed:18798982].

[406] W. Farnaby, M. Koegl, M. J. Roy, C. Whitworth, E. Diers, N. Trainor, D. Zoll-
man, S. Steurer, J. Karolyi-Oezguer, C. Riedmueller, T. Gmaschitz, J. Wachter,

252



C. Dank, M. Galant, B. Sharps, K. Rumpel, E. Traxler, T. Gerstberger,
R. Schnitzer, O. Petermann, P. Greb, H. Weinstabl, G. Bader, A. Zoephel,
A. Weiss-Puxbaum, K. lfer, S. hrle, G. Boehmelt, J. Rinnenthal, H. Arnhof,
N. Wiechens, M. Y. Wu, T. Owen-Hughes, P. Ettmayer, M. Pearson, D. B.
McConnell, and A. Ciulli. BAF complex vulnerabilities in cancer demon-
strated via structure-based PROTAC design.Nat Chem Biol, 15(7):672�680,
Jul 2019. [PubMed Central:PMC4299378] [DOI:10.1038/s41589-019-0294-6]
[PubMed:21254760].

[407] M. Scheepstra, K. F. W. Hekking, L. van Hijfte, and R. H. A. Folmer.
Bivalent Ligands for Protein Degradation in Drug Discovery. Comput
Struct Biotechnol J, 17:160�176, 2019. [PubMed Central:PMC5869862]
[DOI:10.1016/j.csbj.2019.01.006] [PubMed:29118097].

[408] H. K. Chew. Adjuvant therapy for breast cancer: who should get what?
West J Med, 174(4):284�287, Apr 2001. [PubMed Central:PMC1071360]
[DOI:10.1136/ewjm.174.4.284] [PubMed:10615079].

[409] H. L. Franco, A. Nagari, V. S. Malladi, W. Li, Y. Xi, D. Richardson, K. L.
Allton, K. Tanaka, J. Li, S. Murakami, K. Keyomarsi, M. T. Bedford, X. Shi,
W. Li, M. C. Barton, S. Y. R. Dent, and W. L. Kraus. Enhancer transcription re-
veals subtype-speci�c gene expression programs controlling breast cancer patho-
genesis.Genome Res, 28(2):159�170, Feb 2018. [PubMed Central:PMC3961006]
[DOI:10.14806/ej.17.1.200] [PubMed:21807852].

[410] R. Raisner, R. Bainer, P. M. Haverty, K. L. Benedetti, and K. E. Gascoigne.
Super-enhancer acquisition drives oncogene expression in triple negative breast
cancer. PLoS One, 15(6):e0235343, 2020. [PubMed Central:PMC2832824]
[DOI:10.1093/bioinformatics/btq033] [PubMed:20110278].

[411] E. Chipumuro, E. Marco, C. L. Christensen, N. Kwiatkowski, T. Zhang, C. M.
Hatheway, B. J. Abraham, B. Sharma, C. Yeung, A. Altabef, A. Perez-Atayde,
K. K. Wong, G. C. Yuan, N. S. Gray, R. A. Young, and R. E. George.
CDK7 inhibition suppresses super-enhancer-linked oncogenic transcription in
MYCN-driven cancer. Cell, 159(5):1126�1139, Nov 2014. [PubMed Cen-
tral:PMC2592715] [DOI:10.1016/j.cell.2014.10.024] [PubMed:18798982].

[412] C. Choudhary, C. Kumar, F. Gnad, M. L. Nielsen, M. Rehman, T. C. Walther,
J. V. Olsen, and M. Mann. Lysine acetylation targets protein complexes and
co-regulates major cellular functions.Science, 325(5942):834�40, 2009.

[413] D. E. Sterner and S. L. Berger. Acetylation of histones and transcription-related
factors. Microbiol Mol Biol Rev, 64(2):435�59, 2000.

253



[414] M. Downey and K. Baetz. Building a katalogue of acetyllysine targeting and
function. Brief Funct Genomics, 15(2):109�18, 2016.

[415] M. D. Shahbazian and M. Grunstein. Functions of site-speci�c histone acetyla-
tion and deacetylation. Annu Rev Biochem, 76:75�100, 2007.

[416] T. Fujisawa and P. Filippakopoulos. Functions of bromodomain-containing
proteins and their roles in homeostasis and cancer.Nat Rev Mol Cell Biol,
18(4):246�262, 2017.

[417] L. Zeng and M. M. Zhou. Bromodomain: an acetyl-lysine binding domain.
FEBS Lett, 513(1):124�8, 2002.

[418] S. P. Boyson, C. Gao, K. Quinn, J. Boyd, H. Paculova, S. Frietze, and K. C.
Glass. Functional roles of bromodomain proteins in cancer.Cancers (Basel),
13(14), 2021.

[419] N. Zaware and M. M. Zhou. Bromodomain biology and drug discovery.Nat
Struct Mol Biol, 26(10):870�879, 2019.

[420] G. Alanis-Lobato, M. A. Andrade-Navarro, and M. H. Schaefer. Hippie v2.0: en-
hancing meaningfulness and reliability of protein-protein interaction networks.
Nucleic Acids Res, 45(D1):D408�D414, 2017.

[421] S. Orchard, M. Ammari, B. Aranda, L. Breuza, L. Briganti, F. Broackes-Carter,
N. H. Campbell, G. Chavali, C. Chen, N. del Toro, M. Duesbury, M. Du-
mousseau, E. Galeota, U. Hinz, M. Iannuccelli, S. Jagannathan, R. Jimenez,
J. Khadake, A. Lagreid, L. Licata, R. C. Lovering, B. Meldal, A. N. Melidoni,
M. Milagros, D. Peluso, L. Perfetto, P. Porras, A. Raghunath, S. Ricard-Blum,
B. Roechert, A. Stutz, M. Tognolli, K. van Roey, G. Cesareni, and H. Her-
mjakob. The mintact project�intact as a common curation platform for 11
molecular interaction databases.Nucleic Acids Res, 42(Database issue):D358�
63, 2014.

[422] C. von Mering, M. Huynen, D. Jaeggi, S. Schmidt, P. Bork, and B. Snel. String:
a database of predicted functional associations between proteins.Nucleic Acids
Res, 31(1):258�61, 2003.

[423] R. Oughtred, J. Rust, C. Chang, B. J. Breitkreutz, C. Stark, A. Willems,
L. Boucher, G. Leung, N. Kolas, F. Zhang, S. Dolma, J. Coulombe-Huntington,
A. Chatr-Aryamontri, K. Dolinski, and M. Tyers. The biogrid database: A
comprehensive biomedical resource of curated protein, genetic, and chemical
interactions. Protein Sci, 30(1):187�200, 2021.

254



[424] M. Koutrouli, E. Karatzas, D. Paez-Espino, and G. A. Pavlopoulos. A guide to
conquer the biological network era using graph theory.Front Bioeng Biotechnol,
8:34, 2020.

[425] E. L. Huttlin, R. J. Bruckner, J. A. Paulo, J. R. Cannon, L. Ting, K. Baltier,
G. Colby, F. Gebreab, M. P. Gygi, H. Parzen, J. Szpyt, S. Tam, G. Zarraga,
L. Pontano-Vaites, S. Swarup, A. E. White, D. K. Schweppe, R. Rad, B. K.
Erickson, R. A. Obar, K. G. Guruharsha, K. Li, S. Artavanis-Tsakonas, S. P.
Gygi, and J. W. Harper. Architecture of the human interactome de�nes protein
communities and disease networks.Nature, 545(7655):505�509, 2017.

[426] J. Zahiri, A. Emamjomeh, S. Bagheri, A. Ivazeh, G. Mahdevar, H. Sep-
asi Tehrani, M. Mirzaie, B. A. Fakheri, and M. Mohammad-Noori. Protein
complex prediction: A survey.Genomics, 112(1):174�183, 2020.

[427] A. Chatr-aryamontri, A. Ceol, L. M. Palazzi, G. Nardelli, M. V. Schneider,
L. Castagnoli, and G. Cesareni. Mint: the molecular interaction database.
Nucleic Acids Res, 35(Database issue):D572�4, 2007.

[428] J. P. Lambert, S. Picaud, T. Fujisawa, H. Hou, P. Savitsky, L. Uuskula-
Reimand, G. D. Gupta, H. Abdouni, Z. Y. Lin, M. Tucholska, J. D. R.
Knight, B. Gonzalez-Badillo, N. St-Denis, J. A. Newman, M. Stucki, L. Pel-
letier, N. Bandeira, M. D. Wilson, P. Filippakopoulos, and A. C. Gingras. In-
teractome rewiring following pharmacological targeting of bet bromodomains.
Mol Cell, 73(3):621�638 e17, 2019.

[429] P. Shannon, A. Markiel, O. Ozier, N. S. Baliga, J. T. Wang, D. Ramage,
N. Amin, B. Schwikowski, and T. Ideker. Cytoscape: a software environ-
ment for integrated models of biomolecular interaction networks.Genome Res,
13(11):2498�504, 2003.

[430] Gabor Csardi and Tamas Nepusz. The igraph software package for complex
network research.InterJournal, complex systems, 1695(5):1�9, 2006.

[431] David Eppstein, Maarten L€±�er, and Darren Strash. Listing all maximal
cliques in sparse graphs in near-optimal time. InInternational Symposium on
Algorithms and Computation, pages 403�414. Springer.

[432] Gregory R Warnes, Ben Bolker, Lodewijk Bonebakker, Robert Gentleman,
Wolfgang Huber, Andy Liaw, Thomas Lumley, Martin Maechler, Arni Mag-
nusson, and Ste�en Moeller. gplots: Various r programming tools for plotting
data. R package version, 2(4):1, 2009.

255



[433] A. Federico and S. Monti. hyper: an r package for geneset enrichment work�ows.
Bioinformatics, 36(4):1307�1308, 2020.

[434] A. Liberzon, C. Birger, H. Thorvaldsdottir, M. Ghandi, J. P. Mesirov, and
P. Tamayo. The molecular signatures database (msigdb) hallmark gene set
collection. Cell Syst, 1(6):417�425, 2015.

[435] D. Vella, S. Marini, F. Vitali, D. Di Silvestre, G. Mauri, and R. Bellazzi. Mtgo:
Ppi network analysis via topological and functional module identi�cation.Sci
Rep, 8(1):5499, 2018.

[436] M. Ashburner, C. A. Ball, J. A. Blake, D. Botstein, H. Butler, J. M. Cherry,
A. P. Davis, K. Dolinski, S. S. Dwight, J. T. Eppig, M. A. Harris, D. P. Hill,
L. Issel-Tarver, A. Kasarskis, S. Lewis, J. C. Matese, J. E. Richardson, M. Ring-
wald, G. M. Rubin, and G. Sherlock. Gene ontology: tool for the uni�cation of
biology. the gene ontology consortium.Nat Genet, 25(1):25�9, 2000.

[437] Marc Carlson, Seth Falcon, Herve Pages, and Nianhua Li. Go. db: A set
of annotation maps describing the entire gene ontology.R package version,
3(0):10.18129, 2017.

[438] A. L. Barabasi. Network science: Luck or reason.Nature, 489(7417):507�8,
2012.

[439] S. J. Chen, D. L. Liao, C. H. Chen, T. Y. Wang, and K. C. Chen. Construction
and analysis of protein-protein interaction network of heroin use disorder.Sci
Rep, 9(1):4980, 2019.

[440] S. Wuchty and E. Almaas. Peeling the yeast protein network.Proteomics,
5(2):444�9, 2005.

[441] H. Jeong, S. P. Mason, A. L. Barabasi, and Z. N. Oltvai. Lethality and centrality
in protein networks. Nature, 411(6833):41�2, 2001.

[442] X. D. Zou, K. An, Y. D. Wu, and Z. Q. Ye. Ppi network analyses of human
wd40 protein family systematically reveal their tendency to assemble complexes
and facilitate the complex predictions.BMC Syst Biol, 12(Suppl 4):41, 2018.

[443] Jos€’ Ignacio Alvarez-Hamelin, Luca Dall'Asta, Alain Barrat, and Alessandro
Vespignani. k-core decomposition: A tool for the visualization of large scale
networks. arXiv preprint cs/0504107, 2005.

256



[444] C. Cho, J. Jang, Y. Kang, H. Watanabe, T. Uchihashi, S. J. Kim, K. Kato,
J. Y. Lee, and J. J. Song. Structural basis of nucleosome assembly by the abo1
aaa+ atpase histone chaperone.Nat Commun, 10(1):5764, 2019.

[445] Y. Zhang, K. Brown, Y. Yu, Z. Ibrahim, M. Zandian, H. Xuan, S. Ingersoll,
T. Lee, C. C. Ebmeier, J. Liu, D. Panne, X. Shi, X. Ren, and T. G. Kutateladze.
Nuclear condensates of p300 formed though the structured catalytic core can act
as a storage pool of p300 with reduced hat activity.Nat Commun, 12(1):4618,
2021.

[446] J. Zahiri, J. H. Bozorgmehr, and A. Masoudi-Nejad. Computational predic-
tion of protein-protein interaction networks: Algo-rithms and resources.Curr
Genomics, 14(6):397�414, 2013.

[447] C. H. Jung, S. H. Ro, J. Cao, N. M. Otto, and D. H. Kim. mtor regulation of
autophagy. FEBS Lett, 584(7):1287�95, 2010.

[448] J. I. Sakamaki, S. Wilkinson, M. Hahn, N. Tasdemir, J. O'Prey, W. Clark,
A. Hedley, C. Nixon, J. S. Long, M. New, T. Van Acker, S. A. Tooze, S. W.
Lowe, I. Dikic, and K. M. Ryan. Bromodomain protein brd4 is a transcriptional
repressor of autophagy and lysosomal function.Mol Cell, 66(4):517�532 e9,
2017.

[449] C. Xu, Y. H. Tsai, P. M. Galbo, W. Gong, A. J. Storey, Y. Xu, S. D. Byrum,
L. Xu, Y. E. Whang, J. S. Parker, S. G. Mackintosh, R. D. Edmondson, A. J.
Tackett, J. Huang, D. Zheng, H. S. Earp, G. G. Wang, and L. Cai. Cistrome
analysis of yy1 uncovers a regulatory axis of yy1:brd2/4-pfkp during tumorige-
nesis of advanced prostate cancer.Nucleic Acids Res, 49(9):4971�4988, 2021.

[450] C. T. Pineda and P. R. Potts. Oncogenic magea-trim28 ubiquitin ligase down-
regulates autophagy by ubiquitinating and degrading ampk in cancer.Au-
tophagy, 11(5):844�6, 2015.

[451] B. Chaube and M. K. Bhat. Ampk, a key regulator of metabolic/energy home-
ostasis and mitochondrial biogenesis in cancer cells.Cell Death Dis, 7:e2044,
2016.

[452] S. Uppal, A. Gegonne, Q. Chen, P. S. Thompson, D. Cheng, J. Mu, D. Meerza-
man, H. S. Misra, and D. S. Singer. The bromodomain protein 4 contributes to
the regulation of alternative splicing.Cell Rep, 29(8):2450�2460 e5, 2019.

[453] R. Guo, L. Zheng, J. W. Park, R. Lv, H. Chen, F. Jiao, W. Xu, S. Mu, H. Wen,
J. Qiu, Z. Wang, P. Yang, F. Wu, J. Hui, X. Fu, X. Shi, Y. G. Shi, Y. Xing,

257



F. Lan, and Y. Shi. Bs69/zmynd11 reads and connects histone h3.3 lysine
36 trimethylation-decorated chromatin to regulated pre-mrna processing.Mol
Cell, 56(2):298�310, 2014.

[454] J. J. Kim, S. Y. Lee, F. Gong, A. M. Battenhouse, D. R. Boutz, A. Bashyal,
S. T. Refvik, C. M. Chiang, B. Xhemalce, T. T. Paull, J. S. Brodbelt, E. M.
Marcotte, and K. M. Miller. Systematic bromodomain protein screens identify
homologous recombination and r-loop suppression pathways involved in genome
integrity. Genes Dev, 33(23-24):1751�1774, 2019.

[455] K. Luck, D. K. Kim, L. Lambourne, K. Spirohn, B. E. Begg, W. Bian, R. Brig-
nall, T. Cafarelli, F. J. Campos-Laborie, B. Charloteaux, D. Choi, A. G. Cote,
M. Daley, S. Deimling, A. Desbuleux, A. Dricot, M. Gebbia, M. F. Hardy,
N. Kishore, J. J. Knapp, I. A. Kovacs, I. Lemmens, M. W. Mee, J. C. Mel-
lor, C. Pollis, C. Pons, A. D. Richardson, S. Schlabach, B. Teeking, A. Ya-
dav, M. Babor, D. Balcha, O. Basha, C. Bowman-Colin, S. F. Chin, S. G.
Choi, C. Colabella, G. Coppin, C. D'Amata, D. De Ridder, S. De Rouck,
M. Duran-Frigola, H. Ennajdaoui, F. Goebels, L. Goehring, A. Gopal, G. Had-
dad, E. Hatchi, M. Helmy, Y. Jacob, Y. Kassa, S. Landini, R. Li, N. van
Lieshout, A. MacWilliams, D. Markey, J. N. Paulson, S. Rangarajan, J. Rasla,
A. Rayhan, T. Rolland, A. San-Miguel, Y. Shen, D. Sheykhkarimli, G. M.
Sheynkman, E. Simonovsky, M. Tasan, A. Tejeda, V. Tropepe, J. C. Twiz-
ere, Y. Wang, R. J. Weatheritt, J. Weile, Y. Xia, X. Yang, E. Yeger-Lotem,
Q. Zhong, P. Aloy, G. D. Bader, J. De Las Rivas, S. Gaudet, T. Hao, J. Rak,
J. Tavernier, D. E. Hill, M. Vidal, F. P. Roth, and M. A. Calderwood. A refer-
ence map of the human binary protein interactome.Nature, 580(7803):402�408,
2020.

[456] J. H. M. So�ers and J. L. Workman. The saga chromatin-modifying complex:
the sum of its parts is greater than the whole.Genes Dev, 34(19-20):1287�1303,
2020.

[457] P. B. Dallas, I. W. Cheney, D. W. Liao, V. Bowrin, W. Byam, S. Pacchione,
R. Kobayashi, P. Yaciuk, and E. Moran. p300/creb binding protein-related
protein p270 is a component of mammalian swi/snf complexes.Mol Cell Biol,
18(6):3596�603, 1998.

[458] T. Wu, Y. F. Kamikawa, and M. E. Donohoe. Brd4's bromodomains mediate
histone h3 acetylation and chromatin remodeling in pluripotent cells through
p300 and brg1.Cell Rep, 25(7):1756�1771, 2018.

258



[459] Madalina Giurgiu, Julian Reinhard, Barbara Brauner, Irmtraud Dunger-
Kaltenbach, Gisela Fobo, Goar Frishman, Corinna Montrone, and Andreas
Ruepp. Corum: the comprehensive resource of mammalian protein complex-
esâ2019.Nucleic acids research, 47(D1):D559�D563, 2019.

[460] L. Y. Chiu, F. Gong, and K. M. Miller. Bromodomain proteins: repairing dna
damage within chromatin. Philos Trans R Soc Lond B Biol Sci, 372(1731),
2017.

[461] D. C. Hargreaves and G. R. Crabtree. Atp-dependent chromatin remodeling:
genetics, genomics and mechanisms.Cell Res, 21(3):396�420, 2011.

[462] C. Kadoch, D. C. Hargreaves, C. Hodges, L. Elias, L. Ho, J. Ranish, and
G. R. Crabtree. Proteomic and bioinformatic analysis of mammalian swi/snf
complexes identi�es extensive roles in human malignancy.Nat Genet, 45(6):592�
601, 2013.

[463] R. Kumar, D. Q. Li, S. Muller, and S. Knapp. Epigenomic regulation of onco-
genesis by chromatin remodeling.Oncogene, 35(34):4423�36, 2016.

[464] I. Fraschilla and K. L. Je�rey. The speckled protein (sp) family: Immunity's
chromatin readers.Trends Immunol, 41(7):572�585, 2020.

[465] Y. Ji, Z. Zhou, H. Liu, and R. V. Davuluri. DNABERT: pre-
trained Bidirectional Encoder Representations from Transformers model for
DNA-language in genome. Bioinformatics, 37(15):2112�2120, Aug 2021.
[DOI:10.1093/bioinformatics/btab083] [PubMed:33538820].

259



Appendix A

Other Citations

Following are 2 citations I participated but not listed as main parts in this dissertation:

ˆ Lloyd, J.T., McLaughlin, K., Lubula, M.Y., Gay, J.C., Dest, A., Gao, C. ,
Phillips, M., Tonelli, M., Cornilescu, G., Marunde, M.R. and Evans, C.M., 2020.
Structural insights into the recognition of mono-and diacetylated histones by
the ATAD2B bromodomain. Journal of medicinal chemistry, 63(21), pp.12799-
12813.

ˆ Ghule, P.N., Boyd, J.R., Kabala, F., Fritz, A.J., Bou�ard, N.A., Gao, C. ,
Bright, K., Macfarlane, J., Seward, D.J., Pegoraro, G. and Misteli, T., 2023.
Spatiotemporal higher-order chromatin landscape of human histone gene clus-
ters at histone locus bodies during the cell cycle in breast cancer progression.
Gene, 872, p.147441.

260


	Citations
	Dedication

