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"We finished the genome map, now
we can't figure out how to fold it."

lllustration from the cartoonist John C. Chase. Image taken from the paper:
BMC Biophys 4, 8 (2011). https://doi.org/10.1186/2046-1682-4-8



Short abstract: Human chromosomes have a complex 3D structure as genes and their regulators
located far along the chain have to physically interact. Such an architecture is crucial to define the
fate of a cell by establishing active and silenced genes. | investigated models of polymer physics of
chromosomes to understand the mechanisms whereby distal DNA sequences recognize and interact
with each other to shape the folding of our genome and its functions. Results of my work have been
published, e.g., in Nature Communications, 11, 3289 (2020), Nature Methods, 18, 482 (2021), Nature
Structural & Molecular Biology, 28, 152—161 (2021) and Nature Genetics, 53, 1064—1074 (2021).

INTRODUCTION

Twenty years ago, the Human Genome Project allowed the completion of sequencing of the human
genome, i.e., the identification of the entire sequence of DNA letters (technically called “bases”)
making up our genome. However, just as a list of automobile parts does not reveal us how a car
engine works, the complete DNA sequence does not tell us how the system directs its crucial
functions, for instance how it controls and modulates the activity of the genes. Indeed, the
regulation of activation or repression of genes and many other vital functions have been shown to
be not merely controlled by the information contained in the 1-dimensional (1D) DNA sequence, as
they are encrypted somehow in the way our chromosomes are folded in 3D space of the cell
nucleus [1-5]. As a striking example, our genes often need to contact specific DNA regulatory
sequences to be activated, which, however, are in most cases located at significant genomic
distances from them (e.g., millions of bases away). Such a long-distance gene control can thus be
established only through the folding of the genome in 3D space [2,4], whose disruption can lead to
gene misexpression thereby causing important diseases, such as congenital disorders and
cancers [6—12].

One of the major challenges nowadays is deciphering the fundamental, underlying rules of the
game: how do distal elements (e.g., genes and regulators) find each other inside the dark crowded
nuclear environment? What is the physical mechanism shaping those interactions? What are the
molecular principles driving chromosome 3D structure? Answers to these big questions are starting
to emerge in recent years thanks to novel powerful technologies from molecular biology, which are
providing more and more precise quantitative data on the structure of the cell nucleus, and to the
development of theoretical models from physics, which are in turn gradually unveiling the
mechanisms orchestrating genome 3D structure.

From the experimental side, innovative methods in the last decade collectively propelled the study
of 3D genome into a new quantitative era. Those technologies, such as Hi-C [13], SPRITE [14] and
GAM [15], allowed for the first time to generate complete maps of genome interactions at the
kilobase resolution (i.e., the typical length scale where interactions between genes and their
regulators occur), revealing chromosome conformation with unprecedent detail. For instance, a
major breakthrough emerging from the data is that our genome is self-organized into a formidable
3D architecture at multiple levels: at the lowest scales, it is partitioned into highly conserved self-
interacting domains, called TADs (topologically associating domains) [16,17], which can also
associate with each other into higher-order structures to form a much more entangled hierarchy of
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domains-within-domains (e.g., “meta-TADs"”) extending across genomic scales up to the range of
entire chromosomes [18]. Additionally, recent advancements of microscopy-based techniques, such
as super-resolution multiplex FISH imaging approaches, are enabling to visualize chromosome 3D
structure with nanometer-scale precision in individual nuclei (i.e., in single DNA molecules) [19-23].
Those methods have revealed, for example, that TADs exist as physical 3D globular structures in
single-cells, albeit they display a high degree of heterogeneity from cell-to-cell. In other words, if we
take a high-resolution picture of our genome in thousands of individual cells of the same type, the
same chromosomal regions will appear as different blob-like 3D conformations broadly varying from
one to the other cell [21]. Again, what is the physical mechanism leading to such organization? How
are those globules established? What is the origin and nature of the single-cell structural variability?
Those are some of the challenging and fascinating questions arising in modern biology that we can
try to tackle, and hopefully answer to, by using the quantitative methods of physics.

From a physics point of view, DNA is basically a long polymer molecule in which we expect general
principles from polymer physics and statistical mechanics to apply. Indeed, different mechanisms of
folding have been recently proposed and investigated by models relying solely on fundamental
physical processes [9,24,33-42,25,43-48,26—-32] or via computational approaches [49,50,59—
61,51-58]. Within this dynamic research context, we developed principled models of interacting
polymers from statistical mechanics to investigate the mechanisms of genome folding and contact
formation. We proposed a basic scenario where physical spatial proximity (i.e., a “contact”)
between distal DNA sites (for instance, a gene and its regulator) results from attractive interactions
mediated by diffusing cognate particles, corresponding to different molecular species (such as
biological Transcription Factors and proteins), that can bridge those sites. We transposed this
folding picture into a simple polymer physics model, called the “Strings and Binders” (SBS)
model [25,38,43,45], where a chromosome filament is represented as a self-avoiding polymer chain
along which different binding sites are located for cognate diffusing bridging molecular binders. As
dictated by polymer physics [62], the system folds in just a few conformational classes that
correspond to its thermodynamic phases. The SBS model (as well as others within the same

|”

universality class) envisages, for example, two main folding classes: the “coil” state, where the
polymer is randomly folded because of prevailing entropic effects, and the “phase-separated
globule” state, where distinct globules spontaneously self-assemble along the chain by the
interactions of cognate binding sites. Upon increasing the number (or affinity) of binders, the system
switches from one to the other state via a phase transition mechanism of polymer phase-
separation [38]. By determining the thermodynamics phases of the system, which can be predicted
by physics, we can derive the full ensemble of 3D conformations where it spontaneously folds into
and therefore test how reliable is the folding mechanism envisioned by the model by comparing its

predictions against real experimental data.

The research presented in this thesis is framed within this recent and highly interdisciplinary
scientific field at the border between physics and the latest findings of DNA molecular biology. All
the studies and investigations here discussed have been conducted in the last three years in the
physics department of University of Naples “Federico 11”, under the supervision of Professor Mario
Nicodemi in the research group of Complex System. Most of the results reported in this work are
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published and, in some instances, involved international collaborations, e.g., with the Epigenetic
Regulation and Chromatin Architecture group directed by Prof. Ana Pombo at Max Delbruck Centre
for Molecular Medicine (Berlin) or research groups within the US 4D Nucleome (4DN) Research
Project. In particular, in the 4DN consortium, we collaborated with Professor Bing Ren at Ludwig
Institute for Cancer Research and University of California (UCSD, San Diego) to understand, based
on our polymer physics approach and computer simulations, the role of specific molecular factors
(e.g., CTCF proteins) in promoting long-distance gene regulation and shaping chromosome
structural patterns. The results of these studies are not discussed here for brevity and have been
recently published in Nature Structural & Molecular Biology, 28, 152—-161 (2021) and Nature
Genetics, 53, 1064-1074 (2021).

In the present work of thesis, we aim to tackle two major research lines, respectively examined and
conveyed in our published papers Nature Communications, 11, 3289 (2020) and Nature Methods,
18, 482 (2021): i) identifying the molecular mechanisms shaping chromosome folding at the single
DNA molecule level based on the predictions of polymer-physics-grounded approaches, such as the
SBS model; ii) using the polymer conformations predicted by the theory as a simplified, yet fully
controlled, reference system where to assess, for the first time, the intrinsic limitations and
advantages of some of the most powerful technologies nowadays available to probe genome
structure, thus providing a blueprint in designing novel experiments. A brief outline of the thesis
follows below.

The thesis is divided in four chapters. In Chapter 1, we try to briefly introduce the reader through
the emerging complex picture of chromosome spatial organization. Starting from basic definitions
of DNA molecular biology, we next outline innovative recent technologies, such as Hi-C, GAM and
SPRITE, for measuring genome-wide chromosome physical interactions. We focus on some of the
major findings of those experiments, such as the discovery of TADs and other functional structures.
We also examine recent strides from microscopy-based approaches, which allowed to measure at
the few nanometers scale the physical 3D structure of chromosomes at the single-molecule level
(i.e., in individual single-cells). Finally, we briefly review two popular recently proposed physical
mechanisms of chromosome folding. In Chapter 2, we focus on the class of polymer models based
on thermodynamic phase-separation. Particularly, we introduce with all details the SBS model, in
which physical contacts between distal sites along the genome are achieved via diffusing cognate
molecular binders that can bridge those sites via mechanisms of equilibrium polymer
thermodynamics. We describe a statistical inference method (PRISMR [9,38]), which combines
machine learning and polymer physics, to infer the model binding sites. Single-polymer 3D
conformations are generated by performing massive Molecular Dynamics (MD) simulations up to
reach stationarity. The details of the PRISMR algorithm and the MD implementation of the model
are discussed in dedicate sections. To exemplify the typical accuracy of our models, we discuss an
application to real data, i.e., the modeling of the HoxD gene region, which is particularly interesting
because it is involved in limb development, and we highlight the power of the SBS model in
explaining the formation of complex structural patterns as observed in the experiments. In Chapter
3, which is based on the results of our paper [38], we investigate the physical mechanisms of folding
at the single-molecule level. We use the polymer 3D conformations of the SBS model to make
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predictions on genome structure that we validate against independent microscopy (i.e., multiplex
FISH imaging) single-cell data available in different human cell types[21]. We show that
chromosome folding is controlled at the single-molecule level by a thermodynamic mechanism of
polymer phase-separation and also provide a theoretical rationale to explain the origin of the
observed single-cell structural variability. Next, we investigate how single-molecule 3D structures
are affected upon removal of the cohesin complex, which is a known chromosome organizing factor,
and our model predictions are consistently validated against single-cell imaging data. Finally, we
explore the steady-state time dynamics of the polymer conformations predicted by the theory and
discuss how contact specificity can be achieved in the stochastic nuclear environment. In Chapter
4, which summarizes the results published in [40], we show a different application of polymer
physics models, which can indeed be used not only to make sense of experimental outcomes, but
also to test the quality of the data measured by experimental technologies. To this aim, by using a
validated ensemble of SBS single-polymer 3D structures as benchmark, we perform the first
guantitative comparison of the performance of three different DNA powerful technologies,
currently employed in the field, i.e., Hi-C, SPRITE and GAM. Our analyses, fully detailed in the
sections of the chapter, clarify how state-of-the-art genome technologies faithfully represent
chromosome 3D structure, highlighting the different experimental conditions where each of them
is most effective.



1. Chromosome organization in the nucleus

Powerful technologies from molecular biology are revealing that chromosomes have a complex 3D
architecture within the cell nucleus involving an intricate hierarchy of physical genome interactions
that serve functional and vital purposes, such as gene regulation. In this Chapter, starting from the
naive textbook view of DNA packaging in the cell nucleus up to reach the latest findings
encompassing comprehensive maps of genome-wide interactions, we aim to briefly introduce the
reader through the major technological and conceptual breakthroughs of the last decade that are
propelling our understanding of chromosome 3D organization. In Section 1.1, we briefly recall some
basic concepts of DNA molecular biology and also more recent discoveries such as the formation of
chromosome territories. In Section 1.2, we discuss the advent of innovative chromosome
conformation capture (3C) technologies [63—65], which are based on high-throughput sequencing
to detect chromosome contacts. A particular focus is on the Hi-C method [13], which allowed to
generate comprehensive maps of genome interactions at the kilobase resolution (i.e., the typical
length scale where interactions between genes and their regulators are established). We also
describe two further recent experimental methods, i.e., SPRITE [14] and GAM [15], which even
improved many of the Hi-C limitations. In Section 1.3, we highlight the striking findings about
chromosome 3D organization emerging from the quantitative data provided by those novel
technologies. We will see, for instance, that our genome is partitioned into subsequent large
(megabase-sized) functional physical blocks within which genomic interactions are particularly
enriched; those domains, called TADs (topologically associating domains) [16,17], can also interact
with each other to form higher-order structures, giving rise to a formidable and complex hierarchy
of domains-within-domains ranging from the kilobase up to the whole chromosomal scale [18]. In
Section 1.4, we describe a different experimental methodology to probe genome structure, which
is based on microscopy techniques that allow to measure 3D spatial distances in the targeted
genome [19-23]. Specifically, we discuss the recent advancements achieved in this field and focus
on a recent super-resolution multiplex FISH (fluorescence in-situ hybridization) imaging approach
that enabled for the first time to visualize chromosome 3D structure with nanometer-scale precision
in individual nuclei (i.e., at the single-cell level) [21]. Such advances have revealed, for example, that
TADs and other structures exist as spatially segregated globular 3D conformations in single-cells, yet
with a high degree of stochastic structural variability from cell-to-cell, hence raising questions on
the fundamental mechanisms underlying their origin and formation. Models from polymer physics
have been developed to quantitively understand the molecular principles controlling genome 3D
architecture; to this aim, in Section 1.5, we briefly review two important physical mechanisms of
chromosome folding that have attracted much attention in recent years.

1.1 Basic concepts of DNA molecular biology

Far from being comprehensive, this Section briefly provides the reader with the basic terminology
of DNA molecular biology. An extensive, fully detailed description of the concepts here summarized
can be found in classic textbook, such as Alberts et al. Molecular Biology of the Cell and Watson et
al. Molecular Biology of the Gene, along with the papers and reviews cited below.



1.1.1 A textbook view on DNA packaging in the nucleus

In eukaryotes, i.e., higher organisms (from humans down to the unicellular baker yeast), the genetic
information is encoded in DNA (deoxyribonucleic acid) molecules located within the cell nucleus. A
DNA molecule is a double helix made of two paired long polymer strands composed of simple units
called “nucleotides”, which comprise a five-carbon sugar, a phosphate group, and a nitrogenous
base. The polymer backbones are made of sugars and phosphate groups joined by ester bonds
(covalent bonds with energies ~10?KgT at room temperature), while the nitrogen bases of the two
separate polynucleotide strands are bound together with hydrogen bonds (energies ~1-10KgT) thus
making double-stranded DNA (Fig. 1.1, leftmost panel). There are four distinct types of bases in
DNA, i.e., adenine (A), cytosine (C), guanine (G), thymine (T), which are bound together via the base
pairing rule: adenine (A) only binds the opposite thymine (T), while cytosine (C) only binds guanine
(G), with 2 and 3 bonds respectively. Hence, the sequences of the two strands are entirely
complementary. The sequence of complementary base pairs along a DNA molecule represents its
genetic code, i.e., the information required to build all the compounds (proteins or RNA) essential
for life and functioning of the cell.

In cell nuclei, DNA is divided into linear filaments called “chromosomes”. For example, human cells
are diploid, as they include two copies (“alleles”) of each chromosome; overall, they comprise 23
pairs of chromosomes (46 in total), formed of 6.4x10° base pairs (bp), which would stretch the
distance between the earth and the sun and back again about 100 times if aligned one after the
other [66]. Similarly, a common striking estimation is that the linear length of human genome is
roughly 2m while the nucleus in which it is constrained has a diameter of 10-15um, that is equivalent
to wrap 40km of a thread into a tennis ball. As a result, DNA must be tightly packed within the cell
nucleus and, to orchestrate such peculiar folding, numerous specialized DNA-binding structural
proteins are involved. The complex of DNA and the proteins that organize it is called “chromatin”.
As known in textbook biology [67,68], chromatin is organized into different layers of increased
compaction (Fig. 1.1). At the first level, DNA wraps around nucleosomes, which form the basic
11nm-wide repeating unit of eukaryotic chromatin. In a nucleosome, 146 bp of DNA are wound
around an octamer core complex made of eight proteins called histones (they are named H2A, H2B,
H3 and H4 and two molecules of each histone form the octamer). Nucleosomes provide roughly a
7-fold reduction of DNA linear length, resulting in a “beads-on-a-string structure” as they appear as
beads located along a string of loosen linker DNA. At the next step of compaction, nucleosomes are
packed on the top of each other by another specific protein, known as histone H1, which condenses
chromatin into a 30nm fiber. However, over the years there has been a great deal of speculation
concerning this structure, as the 30nm fiber has been observed only in-vitro [69], i.e., in experiments
with controlled and artificial conditions, casting doubts on its existence in real cells [24,70,71]. From
this organizational level on, the details of folding remain still uncertain. In a traditional and ultra-
simplified picture, a much greater compaction occurs via different proteins that further compress
and arrange chromatin into higher-order fibers up to the scale of the entire chromosome (Fig. 1.1).
In the following (see Sections 1.2-1.4), well beyond the textbook scenario described here, we will
discuss very recent technological advancements from molecular biology that are allowing to probe



higher-order chromatin structure with unprecedent detail, revealing that chromosomes are folded
into a complex, non-random 3D architecture within the cell nucleus involving a hierarchy of
extensive long-range, functional interactions.

I Inm 30 nm 300 nm 700 nm 1400 nm
= pe—H s e ——
Double “Beads-on- 30nm Loops of Higher-order Mitotic
helix a-string” fiber 30nm fiber folding chromosome

Figure 1.1: Packaging of DNA involves different length scales and degree of compaction. DNA is wrapped
around a histone octamer to form nucleosomes, which are connected by stretches of linker DNA. This basic
repeating unit is folded into a fiber-like structure of about 30nm in diameter. Those fibers are further
compacted into higher-order structures, which, however, remain largely elusive in the classical textbook
view, to form chromosomes (in the figure is sketched a chromosome during cell division, which has a typical
hourglass-shaped structure). Adapted from [72,73].

1.1.2 Genes and regulators engage in long-range physical contacts

Along the DNA sequence are located the genes, i.e., specific DNA segments carrying the genetic
information to produce proteins and other compounds (e.g., RNAs), which are the building blocks
essential for the vital cell functions. Genes are transcribed by polymerase enzymes into RNA (a
single-stranded ribonucleic acid), which by use of the genetic code is then translated into proteins.
Such an ordered scheme whereby the information from genes is processed to final proteins is known
as the “central dogma” of molecular biology. Humans have roughly 22000 protein-coding genes,
which strikingly comprise less than 2% of our genome length. The remaining 98% of our DNA is non-
coding, i.e., it is not made of genes that encode proteins. For that reason, as far as back as the 1960s
those non-coding regions were collectively termed as “junk DNA” because regarded to serve no
purpose. Such a picture is dramatically changed, as we understand nowadays that much of the DNA
not used to encode proteins is crucial to regulate the activity of the genes. In fact, not all the genes
of the genome need to be expressed (i.e., transcribed to produce a protein) altogether during the
life of the cell, as some may be required only at specific moments or because of external stimuli and
conditions; also, in multicellular organisms each cell is specialized in tissue-specific functions, thus



only the subset of genes controlling those functions must be expressed. Hence, how does the non-
coding DNA regulate such a complex and highly diverse gene expression?

Over the last decade much has been learned about how this is achieved, revealing the critical role
of the spatial organization of the chromosomes (see, e.g., excellent reviews on the topic such as [1-
5]). For instance, based on microscopy experiments and other biochemical techniques, it has been
found that gene activity is often modulated by regulatory non-coding elements that can be located
from few kb up to as much as several Mb (Mb=10° bp) away from the gene promoter (a promoter
is a control DNA sequence typically located within 1kb upstream of the starting site of gene
transcription). Examples of regulators are enhancers and repressors, which are involved,
respectively, to activate and inhibit gene expression. One mechanism through which distal
regulatory elements, e.g., enhancers, can control and activate genes that are located far away in the
genome is based on long-range physical interactions that bring the two parties into close spatial
proximity (Fig. 1.2). If the human genome is regarded only as a linear 1D string, it is hard to imagine
mechanisms whereby an element could regulate a target gene located million bases away along the
sequence. Therefore, an essential component of the long-distance regulation is the third dimension
of chromosome conformation, as chromatin needs to fold into specific 3D structures to achieve
physical proximity between regulators and target genes (Fig. 1.2). Experimental evidence indeed
supports this scenario, pointing to direct molecular association as a means for long-range 3D
communication [74-77]. Also, other mechanisms of transcriptional control have been observed
where, for instance, physical communication between genes and regulators is not direct yet
mediated by diffusible proteins (such as Transcription Factors and many others) that can facilitate
or hinder gene expression [2,78-82].

Genes=2% Non-coding DNA=98%

S Mprotems ¢—Gene off } Gene on—

Regulators
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Figure 1.2: Gene regulation requires a complex 3D chromosome organization. Less than 2% of our genome

Gene

length comprises genes, i.e., specific DNA sequences that encode proteins and other functional compounds.
The remaining 98%, regarded decades ago as “junk DNA”, performs many crucial tasks for the life of the cell,
such as gene regulation. In those non-coding regions are located specific sequences that can regulate gene
activity by coming into close spatial proximity with gene itself. One striking feature of gene regulation in
mammalian genome is that regulatory elements can be distant from their target gene (e.g., a million bases
away as shown in the figure), hence requiring DNA to loop in 3D space to enable gene regulation.

Taken together, those findings have revealed that while genetic information is written into the DNA
1D sequence, the regulation of activation or repression of genes (as much as many other functional



activities) is controlled by the 3D architecture, i.e., by the way our genome is folded in 3D space of
the cell nucleus. Major challenges now, as we will discuss in the next chapters, include deciphering
the molecular mechanisms shaping chromosome 3D structure.

1.1.3 Epigenetic modifications and the histone code

Regulatory elements can be typically identified by their high evolutionary sequence conservation or
by specific-associated “epigenetic” marks. Epigenetics is the study of heritable changes in gene
activity that arise in the absence of alterations in the DNA sequence; examples are chemical
modifications of DNA or interactions of DNA with molecular factors that do not alter the underlying
nucleotide sequence. Those modifications have been shown to play a role in controlling gene
transcription. For instance, methylation (i.e., the addition of a methyl group) to cytosine at CpG sites
(regions of the genome where cytosine is followed by guanine) are frequently observed at gene
promoters with repressive functions. Histones are also subject to chemical modifications,
particularly their tails can be modified by acetylation, methylation, phosphorylation, ubiquitylation,
and many other processes. Those modifications can generate synergistic or antagonistic interaction
affinities for chromatin-associated proteins, which in turn dictate dynamic transitions between
transcriptionally active or silent chromatin states by affecting the DNA chemical accessibility. Thus,
the combinatorial nature of histone modifications has been thought to reveal a “histone code” (see,
e.g., [83]) linked to activation or repression of transcription. For example: H3K4me3 (histone H3
lysine 4 trimethylation) is associated with promoter regions, H3K4mel (histone H3 lysine 4
methylation) and H3K27ac (histone H3 lysine 27 acetylation) mark enhancer regions, H3K36me3
(histone H3 lysine 36 trimethylation) signals transcribed regions, H3K27me3 (histone H3 lysine 27
trimethylation) repressed or poised regions, and so on with many other examples. The above picture
further illustrates the complexity of genome regulation in eukaryotes: chromatin states are
controlled by a combination of different factors and the epigenetic signature of chromatin 3D
structure can help to understand its functional meaning.

1.1.4 Discovery of chromosome territories

The recent progress toward the comprehension of the structure of chromosomes grows out of
discoveries made in the 1980s concerning their spatial organization at the nuclear scale (1-10um).
While during cell division chromosomes are duplicated and highly compact into a typical hourglass-
shaped structure, early researchers proposed two main models regarding the way in which they
were likely organized within the nucleus when cells are not dividing [84]: i) the first model, originally
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proposed by Carl Rabl in 1885 and known as the “chromosome territory model”, envisages the
scenario where the DNA of each chromosome occupies a defined volume of the nucleus and only
overlaps with its immediate neighbors; ii) the second or “spaghetti” model, by contrast, considers a
different picture where chromosomes are randomly located in the nucleus, therefore being largely
intermingled and entangled with each other. The key experiment to discriminate between the two
models was eventually realized in the early 1980s by Thomas Cremer, a German cell biologist, and
his physicist brother, Christoph Cremer [66,85,86]. They reasoned that the two models made very

distinct predictions upon inducing, for instance, an external perturbation on cell nuclei. Specifically,



they argued that if chromosome territories existed, then a laser beam oriented onto a particular
area of the nucleus would have branded only a few chromosomes; on the contrary, if the spaghetti
random model were correct, then the laser pulse would have struck many more chromosomes. The
experiment showed that only a few chromosomes per cell were damaged by the laser light, hence
strongly supporting the chromosome territory model. The existence of those territories was directly
confirmed a few years later by the development of the fluorescence in situ hybridization (FISH)
technique in which fluorescently labeled probes complementary to a specific chromosome are used
to visualize a given chromosome in the nucleus. These experiments, by allowing a direct
visualization, demonstrated that chromosomes exist in the nucleus as distinct entities, each
occupying a space (typically roughly spherical in shape and 2—4um in diameter [87]) separate from
other chromosomes (Fig. 1.3).

Microscopy image (FISH)

Chromosomal
territories

Human fibroblast cell

[0pm=0.00001m

Figure 1.3: Chromosomes form discrete and distinct territories at the nuclear scale. Advanced microscopy
techniques have disproved in the last decades a longstanding view whereby chromosomes are randomly
positioned in the cell nucleus, like “spaghetti” in a bowl. This image from microscopy FISH experiments
individually colors the chromosomes in the nucleus of a human fibroblast and shows that they occupy distinct
nuclear regions called “chromosomal territories”. Hence, chromosomes fold into a complex 3D structure and
their arrangement within the nucleus is far from random. Adapted from [66,86].

Despite this important advancement, a key limitation of the Cremers’ experiment was its spatial
resolution (~um, i.e., comparable with the nuclear size), which hindered to probe chromatin
structure at the lower and finer sub-chromosomal scale where, e.g., contacts between genes and
their regulators are typically established. In the last decade, major developments have been
performed to overcome these challenges by the invention of new revolutionary technologies as
discussed in the following sections.

1.2 Mapping genome structure via sequencing-based methods

A crucial breakthrough in chromatin biology was the development of chromosome conformation
capture (3C) methods, which marked the beginning of the era of high-throughput sequencing-based
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techniques for the investigation of chromosome conformation at the kilobase resolution, i.e., the
typical scale where gene-regulator interactions occur. Some of those methods, such as 3C [63],
4C [64], 5C [65], will be outlined in subsection 1.2.1 along with the type of quantitative data that
they typically provide. In the subsection 1.2.2, we focus on the Hi-C method [13,88], which has been
the first genome-wide adaptation of 3C technologies and is currently one of the most influential and
powerful ligation-based method to dissect genome 3D organization. Finally, in the subsection 1.2.3
we discuss two recent ligation-free technologies, called SPRITE [14] and GAM [15], which do not rely
on biochemical ligation processes and have been shown to overcome many of the intrinsic
limitations of Hi-C experiments, such as the detection of multiway chromatin interactions (i.e.,
interactions between multiple DNA sites) beyond mere pairwise contacts.

1.2.1 Chromosome conformation capture (3C) technologies

Chromosome conformation capture (3C) technologies identify the pairwise contact frequency
between pairs of DNA sites, i.e., the frequency (across a population of cells) with which any pair of
sites in the genome is in close enough spatial proximity (say, in the range of 10-100 nm) to become
crosslinked (i.e., bound together by chemical molecules such as formaldehyde) [89]. Albeit different
3C methods exist, their protocols have some common steps. In brief: i) a population of cells is
crosslinked, typically with formaldehyde, to covalently link chromatin segments that are in close
physical proximity; ii) chromatin is digested, i.e., fragmented, by sonication or via specific restriction
enzymes; iii) crosslinked fragments are ligated to form unique hybrid DNA molecules that contain
the fragments that were close in space in the original cell population; iv) DNA is purified and v)
analyzed [89]. The difference among the distinct 3C-based technologies rely on the specific
biochemical essay used to detect the ligation product. The most common technologies are the
3C [63], 4C [64], 5C [65] and Hi-C [13]. Below, we concisely discuss the type of datasets produced as
output of those technologies, while all technical, experimental details of their protocols can be
found in the referenced papers.

3C and 4C methods generate single profiles of interaction for specific, individual loci. For instance,
3C is particularly suited to provide the long-range (>100kb) interaction profile of a gene promoter
or another genomic element of interest (e.g., gene regulators) versus chromatin in genomic
proximity (“one-versus-one”, Fig. 4a); 4C, instead, detects genome-wide contacts formed with a
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single locus that acts as a fixed “viewpoint” (“one-versus-all”, Fig. 4b). In both cases, the data can
be represented as single tracks that can be plotted along the genome 1D sequence and compared
with other interesting genomic features (such as the positions of genes or their regulators). 5C and
Hi-C methods are not constrained to a single locus of interest, as they generate matrices of
interaction frequencies that can be represented as 2-dimensional heat maps with genomic positions
along the two axes. 5C typically identifies in parallel the interactions between two large sets of loci
(up to tens of Mb), e.g., between a set of gene promoters and their distal regulatory elements
(“many-versus-many”, Fig. 4c). Hi-C, which is the first genome-wide version of 3C, provides a true
all-by-all genome-wide interaction map and will be described with more detail in the next

subsection.
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Figure 1.4: Examples of datasets produced by 3C technologies. a) Example of chromosome conformation
capture (3C) data for the CFTR gene in Caco-2 cells (a human colon adenocarcinoma cell line). On the x-axis
is reported the genomic distance in kilobases (kb) from the anchor point (or viewpoint). The highlighted peak
indicates a strong long-range interaction involving the considered viewpoint and a 100kb distant site. b)
Example of 4C data from the mouse genome (top). The 4C track is compared with DNase | hypersensitive
sites (bottom), which are hallmarks of gene regulatory elements or genes. The highlighted box indicates a
positive correlation between the two tracks, showing that the considered 4C anchor has a strong long-range
interaction with a gene or regulatory element in that region. c) Example of a 5C interaction map for the
ENCODE ENmMOO09 region in K562 (a human erythroleukemia cell line). The different rows contain an
interaction profile of a transcription start site (TSS) in the 1 Mb region on human chromosome 11
encompassing the 8-globin locus. Adapted from [89].

1.2.2 Hi-C method for comprehensive maps of genome-wide contacts

To comprehensively assay chromatin contacts, Hi-C relies upon a specific chain process including as
major steps the crosslinking, digestion, biotinylation, ligation and sequencing of DNA fragments [13]
(Fig. 1.5a). First, a population of cells is crosslinked with formaldehyde molecules, which tightly
bridge via covalent bonds DNA sites that are close in space (distance range 10-100 nm), hence
“freezing” chromatin contacts at a given time. Then, nuclei are lysed and DNA is digested, i.e., cut
into fragments, by a specific restriction enzyme (for instance Hindlll in Fig. 1.5a). Hi-C resolution is
intrinsically linked with the use of specific restriction enzymes, as the median length of a DNA
fragment can depend on their type, ranging, e.g., from hundreds of bp to units of kb [90]. Once
chromatin from all cell nuclei is reduced to a set of crosslinked DNA fragments, the sticky ends of
those fragments are filled with biotinylated nucleotides. That enables the subsequent ligation
process, where the biotinylated ends are ligated, i.e., bound together, by DNA-ligase enzymes,
resulting in hybrid ligation products made of pairs of DNA fragments that were in spatial proximity
(i.e., in “contact”) in their original nucleus. Finally, DNA is purified, ligation products are isolated,
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collected in a Hi-C library and then sequenced along the genome, thus producing a list of interacting
pairs of fragments.

Hi-C data are organized in a genome-wide contact matrix by dividing the genome into windows (also
called “bins”) of fixed length (Fig. 1.5b). That length determines the resolution of the Hi-C
experiment and in the first version [13] it was 1Mb (current resolutions are units of kb); as the typical
length of a chromosome is hundreds of base pairs, the first Hi-C matrices comprised roughly
hundreds of bins. Each entry (i, j) of the contact matrix is the number of ligation products (i.e., the
number of contacts) between the DNA segments i and j and, by construction, the matrix is
symmetric. Therefore, by measuring the contact frequency between any pairs of sites along a
chromosome, Hi-C reflects an ensemble-average of the interactions in the original sample of cells
and, because contacting fragments are naturally close in space, it provides a proxy to study the
spatial organization of the genome and, in particular, interactions occurring between functionally
relevant elements (e.g., genes and their regulators). Hi-C contact matrices are typically visualized as
2-dimensional heatmaps, with higher intensity colors indicating higher contact frequencies (Fig.
1.5b).

Hi-C
a) Crosslink DNA Cut with Fill ends Ligate Purify and shear DNA;  Sequence using
restriction and mark pull down biotin paired-ends
Hindlll enzyme with biotin

| N

b) e

[l =contact frequency
between @ and @

___Interaction
depletion

Interaction
enrichment

“Chr 14

Gene-Regulator

Hi-C data
(Human chr.14)

Figure 1.5: The Hi-C method provides genome-wide interaction maps. a) Overview of the protocol (see also

the text). Cells are cross-linked with formaldehyde, producing covalent bonds between spatially close
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chromatin segments. Chromatin is then digested into fragments by a restriction enzyme and the resulting
ends are filled with biotin. Those ends are ligated, thus forming hybrid molecules made of pairs of chromatin
segments in contact (i.e., spatially close) in the original nucleus. Finally, DNA is purified and ligation products
sequenced along the genome. b) Hi-C data are organized into a symmetric pairwise contact matrix, whose
axes represent the genomic coordinates of a considered chromosome (or of a smaller region, called “locus”,
along the chromosome). In this example, we report the Hi-C matrix of the entire human chromosome 14
(data from [13]) and the axis coordinates range through all the chromosome length (which comprises around
107Mb). Each entry (i, j) of the matrix is the number of contacts measured across the cell population (i.e.,
the contact frequency) between the DNA segments i and j. In the figure, for example, the highlighted red
square is the contact frequency between the red and green circle sites, e.g., between a gene and its regulator.
The matrix is typically plotted as an heatmap, where stronger colors represent enriched interactions. As
contacts are inversely proportional to spatial distances, Hi-C provides a proxy of the spatial organization of
chromosomes and, importantly, allows to detect the interactions between specific pairs of sites such as genes
and regulators. Adapted from [13].

The analysis of the Hi-C matrices led to most of the discoveries in 3D genome organization in the
last decades, revealing, e.g., the existence of structural units underlying chromosome folding and
the emergence of complex patterns of interactions at multiple length scales. We will tackle those
relevant findings in the Section 1.3. We stress that the Hi-C protocol summarized here is the one
described in its original version [13], yet modifications and methodological improvements have
been later implemented to increase the method efficiency. For instance, in the original protocol,
chromatin is highly diluted after nuclei are lysed (i.e., their membranes disrupted) to hinder spurious
ligations between different crosslinked fragments. However, such a dilution was shown to be not
very effective [88,90,91], thus prompting to a new, more efficient protocol, called in-situ Hi-C, where
ligation is performed “in-situ” inside the nucleus (i.e., a constrained space) rather than in solution
(where DNA fragments are floating freely) [88]. These advancements dramatically changed the
exploration of chromatin architecture, enabling the collection of an impressive amount of contact
data for different cell types and across different organisms. Also, they further pushed new
experimental developments and techniques, such as single-cell Hi-C [90], regarded as the first
successful sequency-based single-cell chromatin technology [91], or Micro-C [92,93], which even
more increased the resolution of local contacts (resolution of ~200 bp) as chromatin fragmentation
occurs without use of restriction enzymes. Fast and numerous are the technical advances built upon
the first Hi-C protocol, as well as more refined variants where Hi-C is combined with other
techniques to capture only interactions, for example, mediated by a specific protein of interest (e.g.,
HiChIP [94] and PLAC-seq [95]) or enriched within a specific genomic location (e.g, Capture-C [96—
100]). The interested reader can find more details in the referenced works. In the following, we will
refer to the basic, standard scheme of Hi-C reported above (Fig. 1.5).

1.2.3 Two novel ligation-free methods: SPRITE and GAM

Albeit the tremendous advancements that allowed to map genome-wide chromatin organization,
Hi-C and the other 3C-based technologies have intrinsic technical limitations, which are mostly
linked to the ligation process envisaged by their protocol. In fact, ligation is only partially
efficient [91] and, importantly, provides information only on pairwise contacts, as multiple DNA
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interactions, which occur simultaneously within the nucleus and are expected to exist, are not
detected. To address those technical challenges, two main methods that do not rely on ligation of
chromatin fragments have been invented: split-pool recognition of interactions by tag
extension [14] (SPRITE, Fig. 1.6a) and genome architecture mapping [15] (GAM, Fig. 1.6b). Here, we
review the key features of those ligation-independent technologies, which are extensively discussed
with all details in the referenced papers.

In SPRITE, as also in Hi-C, nuclei are first crosslinked. Then, they are isolated and fragmented by
sonication, and finally digested to obtain individual crosslinked chromatin fragments of
approximately 150-1000bp in length. Next, those fragments are uniquely barcoded using multiple
cycles of a split-and-pool strategy (Fig. 1.6a). In brief, all the complexes of crosslinked DNA are first
randomly split across 96 wells of a plate; a specific (“tag”) sequence of nucleotides is added to each
DNA fragment within each single well; the complexes of DNA are then pooled into a single well
(“pool”) and again randomly shuffled inside the wells and tagged. After several rounds of split-pool
tagging, all fragments have a unique series of ligated tags (each assigned at each split-pool round),
forming a specific barcode. It follows that the fragments within the same crosslinked complex have
the same barcode, as they are forced to stay together during the shuffling process into the wells
because covalently linked; on the contrary, DNA fragments in separate complexes sort
independently resulting in distinct barcodes. Indeed, the probability that fragments belonging to
two independent clusters receive the same barcode decreases exponentially at each additional
round of split-pool tagging (for instance, after six rounds, the number of possible unique barcode
sequences is hugely greater than the typical number of unique DNA fragments in the initial sample,
102 vs. 10°). Finally, DNA fragments are sequenced and the fragments belonging to the same cluster
(i.e., those forming a contact) are univocally identified via their identical barcode. In this way,
pairwise, but also higher order n-wise interactions, can be counted at the considered experimental
resolution. In the original paper [14], SPRITE was shown to accurately recapitulate in mouse genome
previously published Hi-C data [16,88], but also to provide additional insights on chromosome
structure, such as the identification of functionally related interactions, missed by Hi-C, occurring
across large genomic distances. Moreover, a single-cell version of SPRITE has been recently
developed, allowing the study of multiple contacts (e.g., between genes and their regulators) in
individual cells [101].

GAM is the first genome-wide and ligation-free method for capturing three-dimensional proximities
between any number of genomic loci. Albeit based on a completely different strategy compared to
SPRITE to assay genome organization, it identifies multiway interactions and higher-order chromatin
structures as well as more local contacts. In GAM, fixed nuclei are embedded in a sucrose solution
and frozen. Then, they are cryo-sectioned (i.e., a ~220nm slice is laser-cut from each nucleus at
random orientation) and the DNA from each slice (called also nuclear profile or NP) is extracted,
amplified and sequenced (Fig. 1.6b). In this way, DNA sequences present in each nuclear slice can
be identified (they are said to have “segregated” in the NP). The basic idea is that sites that are
closer to each other in the nuclear space are detected in the same nuclear profile more frequently
than distant, non-interacting sites. Hence, the co-segregation of all possible pairs of sites among a
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large set of nuclear section profiles is used to generate a matrix of inferred locus proximities, from
which the frequencies whereby pairs, triplets, or n-plets in general, segregate within the same slice
can be derived. Finally, by using statistical tools and mathematical models, such as SLICE [15]
(Statistical Inference of CosEgregation), the interactions most likely to be specific and significant
(i.e., non-random with respect to genomic distance) are identified from GAM co-segregation data.
For instance, the application of GAM to mouse embryonic stem cells revealed an exceptional
abundance of triplet (3-way) contacts across the genome, particularly between functional regions
subject to high levels of transcription, providing novel insights in genome architecture that were
unattainable with previously available techniques (e.g., Hi-C and its derivatives).
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Figure 1.6: Overview of the SPRITE and GAM technologies. a) Outlook of SPRITE (see text): chromatin is
crosslinked and digested into fragments, which are then uniquely barcoded using multiple cycles of a split-
and-pool strategy. A specific ligated tag is assigned at each split-pool round to each fragment, so that after
several rounds all fragments have a unique series of tags forming a specific barcode. Finally, DNA fragments
are sequenced and those forming a contact (i.e., belonging to the same crosslinked cluster) can be easily
detected because identically barcoded. Hence, the method naturally allows to detect interactions between
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any number of genomic sites. Taken from [14]. b) Outlook of GAM (see text): fixed nuclei are cryo-sectioned
into thin nuclear sections and the DNA from each slice (called also nuclear profile or NP) is extracted,
amplified and sequenced. The basic concept is that physically proximal sites are found more frequently in the
same NP than distant ones. Thus, by identifying the co-segregation of all possible pairs of sites among a large
set of NPs, GAM allows to infer chromatin contacts and higher-order interactions. Taken from [15].

Overall, SPRITE and GAM both overcome the intrinsic limitations of ligation-based technologies
(such as Hi-C), allowing, for instance, the detection of multiway contacts where multiple DNA sites
simultaneously interact within the nucleus. By focusing on the pairwise level, Hi-C, SPRITE, and GAM
all provide as final output a contact matrix, yet they are difficult to compare because contacts are
measured differently in the different cases: Hi-C returns the number of ligation products, SPRITE the
number of pairs belonging to the same crosslinked cluster, while GAM produces co-segregation
data. A rigorous test of their performance would be indeed useful to assess the best technology to
use under different experimental conditions. However, the considerable waste of resources
required to implement the three methods and the absence of an independent benchmark make
such a comparison extremely difficult to realize in real world. To overcome this challenge, we will
discuss in Chapter 4 a computational approach that we designed to compare in-silico, via models
from polymer physics and computer simulations, the performance of those technologies [40].

1.3 Patterns in contact matrices

In this Section, we provide a basic, yet fundamental, bird’s-eye view on the complex picture of
chromosome 3D organization as emerging from the major experimental findings of the last decade.
The analysis of Hi-C data, for instance, revealed the existence of specific patterns of contacts
extending from the sub-Mb scale up to the whole chromosome range [2,13,88]. Hi-C maps typically
appear as block-like matrices made of subsequent large domains within which chromatin sites tend
to interact with each other more frequently than with sites from different domains. Those domains,
which are hundreds of kilobases to several million bases in length, are called TADs (topologically
associating domains) and they are regarded as the basic units of chromosome folding [3]. However,
contacts at larger scales are also found, as TADs can interact with each other resulting into
hierarchical higher-order structures (“meta-TADs”) that span up to the entire chromosomal
scale [18]. Above the mega-base scale, chromosomes are partitioned in two major spatial
compartments, called A and B, which have been shown to be functionally related to active
transcribed and repressed chromatin states, respectively [13]. Furthermore, all those large-scale
structural features have been confirmed by other independent technologies, e.g., SPRITE [14] and
GAM [15], and recently observed also at the single-cell level by high-resolution microscopy-based
techniques (see Section 1.4). Finally, recent findings (see, for instance, [6-9,102]) have shown that
the disruption of this complex higher-order chromatin organization, encompassing TADs and other
structures, can result into spatial rearrangements altering, for example, the normal contacts
between genes and their regulators, thereby affecting gene expression and causing diseases, such
as congenital disorders [10] and cancers [11,12]. That proves the functional role of chromosome
spatial organization and crucially highlights the importance of understanding the molecular and
physical principles underlying its formation.
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1.3.1 A/B compartments

The Hi-C matrix of a whole chromosome typically shows many large blocks of enriched and depleted
interactions that result in a plaid-like pattern (Fig. 1.7a, the Hi-C matrix of the human chromosome
14 is shown). The emergence of those patterns implies that each chromosome can be partitioned,
at the multi-Mb scale, into two classes of regions, called A and B compartments, so that contacts
within each class are enriched, whereas those across classes are depleted [13]. In fact, the
application of the principal component (PC) analysis to Hi-C data, as well as independent microscopy
experiments, revealed a strong spatial compartmentalization of chromatin interactions in two
distinct sets so that greater interaction occurs within, rather than across, each
compartment [13,56,88] (Fig. 1.7b). Consistently, the correlation matrix C, i.e., a symmetric matrix
whose entry cjis the Pearson correlation between the i-th and j-th column of Hi-C, has even sharper
plaid patterns (Fig. 1.7b): indeed, if two chromatin segments are near in space, then they will have
same neighbors and correlated interaction profiles [13]. Those compartments are considerably
large regions (with a typical size of 5-10Mb) and they alternate along each chromosome (Fig. 1.7c).
Compartment A has been shown to strongly correlate with the presence of genes, higher expression
levels and accessible (“open”) chromatin; hence, it is mostly associated with actively transcribed
chromatin regions. Conversely, site pairs at a given genomic distance within the compartment B
have in general higher interaction frequencies than analogous pairs of sites in the compartment A,
showing that B compartment is more densely packed and thus correlated with more “closed” and
expression-inactive chromatin. That is consistent with the known presence in the nucleus of open
and closed chromatin (euchromatin and heterochromatin, respectively). Finally, the increased
resolution of in-situ Hi-C experiments has recently allowed to dissect the finer structure of the A/B
compartments, revealing, e.g., the existence of additional sub-compartments with distinct genomic
and epigenomic content [88].
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Contacts between A-A and B-B regions are enriched, while those across compartments are depleted. c)
Schematic representation of chromatin organization at the nuclear scale where chromosome territories
(hundreds of Mb) occupy distinct regions, and at the chromosome scale where more open and closer
chromatin compartments (5-10Mb) alternately partition the genome. Adapted from [13].

1.3.2 Topologically Associating Domains (TADs)

A further analysis of the patters in Hi-C data revealed the existence of discrete, finer structures,
much smaller than A and B compartments, where chromatin is marked by enriched levels of inner
interactions. Those structural domains, which are largely conserved across species, cell types and
tissue types and can be hundreds of kilobases in size (median size around 400-500kb), are called
Topologically Associating Domains (TADs) [16,17,103]. They are visible in Hi-C (as well as in 5C) data
as square, block-like, domains of high contact frequencies, signaling that DNA loci located within the
same TADs tend to interact frequently with each other and much less frequently with loci located
outside their domain (Fig. 1.8a). As Hi-C contact maps are symmetric, often only their upper or lower
triangular part is represented: in this case, TADs appear as triangles, and not as squares, of enriched
internal contacts (Fig. 1.8b). Those features enabled researchers to identify TADs throughout the
human and mouse genomes by a quantitative inspection of Hi-C contact matrices. Several
algorithms have been developed to this aim [16,18,88], which mostly rely on the detection of the
TAD boundaries, defined as genomic positions where sharp changes in the average contact
frequencies take place. Those analyses, also confirmed by microscopy experiments, showed that
TADs are universal building blocks of chromosomes; the human and mouse genomes are each
composed of more than 2000 TADs, covering over 90% of the genome [89]. Furthermore, increasing
experimental evidence is pointing to important, functional roles for TADs: for instance, they are
thought to act as insulating structures, spatially confining the activity of gene regulators to their
proper targets [2,3,104]. Consistent with such a picture, disruption of TADs due to genomic
rearrangements, such as deletions or inversions (the so-called “structural variants”), has been linked
to a rewiring of gene-regulator contacts, resulting in gene misexpression and disease [6,7,102]. That
highlights even more the importance of understanding the physical and molecular mechanismes, still
largely unknown, underlying TAD formation. Indeed, many quantitative models [9,24,33-42,25,43—
48,26—32] and computational approaches [49,50,59-61,51-58] have been proposed to understand
the machinery that originates those contact patterns. In the next Chapter 2, we will discuss a first-
principles approach based on polymer physics to tackle this challenging problem.
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Figure 1.8: Chromatin folds into megabase sized self-interacting regions called TADs. a) Analyses performed
on the high-resolution 5C interaction map of a 2Mb region encompassing the mouse X-chromosome
inactivation centre (Xist locus, data from [17]) revealed a series of large structural domains, called TADs. Loci
located within these TADs tend to interact frequently with each other, while they interact much less
frequently with loci located outside their domain. TADs appear visually as subsequent square block-like
domains located along the diagonal, which are enriched of inner contacts. In the example of the figure, three
distinct TADs can be identified and they are highlighted by different colors (blue, yellow, cyan). b) Hi-C data
of a 4Mb region along chromosome 6 in mouse embryonic stem cells. Here, only the upper triangular matrix
is represented, as Hi-C is symmetric by construction. In this case, TADs clearly appear as subsequent triangles
(and not squares) of increased inner contacts. Panel b) is adapted from [16].

1.3.3 The emerging complex picture of chromosome folding

Finally, we want to stress that the findings reviewed above represent only a limited and simplified,
yet crucial, picture of the state-of-the-art of chromosome nuclear organization. In fact, we have
seen before that mammalian genomes are organized into large (mega-base sized) domains, called
TADs, that display a high degree of interaction [16,17]. However, interaction patterns can also form
within and across TADs at lower as well as at larger scales. In the work [18], for instance, TAD higher-
order interactions are investigated with Hi-C experiments through mouse neural differentiation and
TADs are found to form a hierarchy of domains-within-domains (called “metaTADs”, i.e., clusters of
interacting TADs) extending across genomic scales up to the range of entire chromosomes. Also,
long stretches of chromatin have been found to interact with the nuclear lamina (a network-like
structure at the inner membrane of the nucleus), resulting in new, mostly transcriptionally
repressed, contact domains called “LADs” (i.e., lamina-associated domains) [1]. At a lower scale
(e.g., units of kb), the development of more and more refined technologies led to the discovery of
new chromatin structural features. For example, high-resolution in-situ Hi-C data [88] allowed the
identification of chromatin “loops”, i.e., strongly enriched pointwise interactions that brings in close
spatial proximity pairs of DNA sites (e.g., a gene and its regulator) that are distant along the linear
sequence of the chromosome. Loops appear as particularly bright dot in Hi-C contact matrices and
often they are found to occur at TAD boundaries (originating the so called “loop domains”);
additionally, in many cases they coincide with pairs of properly oriented CTCF (CCCTC-binding factor)
sites, indicating that CTCF protein may play a key role into TAD formation and genome spatial
organization [88]. Indeed, CTCF sites and cohesin have been proposed to shape loops and TADs, for
example via the loop extrusion polymer model [24,26] (see Section 1.5). At a finer scale (hundreds
of bp), novel powerful techniques, such as Micro-C [93,105], revealed the existence of structures
much smaller than TADs, like “micro-TADs”, that encompass either single genes, multiple genes, or
intergenic regions and may constraint specific transcriptional programs. Hence, in the emerging
picture, chromosomes are folded into a complex 3D architecture [1-3] including a hierarchy of
interactions, from loops [88] and TADs [16,17] to, above the mega-base scale, metaTADs [18] and
A/B compartments [13] as revealed by population-averaged, e.g., Hi-C contact maps [13,88]. Such
an organization serves important functional purposes as genes and their regulators are thought to
establish specific physical contacts to regulate transcription. Furthermore, recent high-resolution
microscopy experiments [19-23], which we will discuss with more detail in the next Section 1.4, are
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allowing to probe genome organization at the single-cell level, revealing that contact patterns and
complex functional structures, e.g., TADs and loops, also form in individual DNA single molecules.

1.4 Recent advancements of single-cell super-resolution microscopy technologies

Data from high-throughput sequencing-based technologies are becoming even more valuable
nowadays thanks to the recent development of microscopy-related techniques, which enable direct
measures of 3D spatial distances in the targeted genome and provide imaging-complementary
information to molecular techniques (such as Hi-C or its derivatives), which, instead, are based on
measuring contact frequencies. In DNA FISH (fluorescence in-situ hybridization) [106,107], for
example, DNA probes are hybridized to cognate genomic regions of interest and visualized by
fluorescence microscopy, hence allowing the measure of their localization, shape and inter-probe
distances. However, the study of chromosome conformation under the microscope has been
technically limited by the low number of DNA segments that can be probed simultaneously and by
the limited spatial resolution of traditional light microscopes. These limitations have been removed
thanks to major technological advancements in recent microscopy applications that overcame, for
instance, the Abbe diffraction limit [91]. These methods, collectively called “super-resolution
microscopy”, markedly increased the achievable spatial resolutions and are currently among the
most powerful technologies to interrogate genome 3D organization at the single-cell level [19-23].
Forinstance, TADs have been proposed as a fundamental structural unit of the genome organization
(see Section 1.3), yet many of their basic properties, such as a clear physical understanding of TAD
structure, remain unclear: do TADs exist in single-cells or are they a mere emergent property from
cell population-averaging? Do they vary from cell-to-cell? What is a TAD in 3D space? Such
questions, which have been unanswered in the last decade because of the lack of high-resolution
and powerful enough technologies, can now be tackle thanks to the latest developments of
microscopy-based methods. In this Section, we want to focus on a recent multiplex FISH imaging-
based approach, reported with all details in the original paper [21], that provided for the first time
a high-resolution visualization of the physical structure of chromatin in thousands of individual
single-cells at the kilobase-to-megabase scale (i.e., the typical sizes of genes and regulatory
domains). In the subsection 1.4.1 we provide some more technical details of the method, while in
subsections 1.4.2 and 1.4.3 we discuss some of the major findings of the experiment. Overall, if, on
the one hand, multiplex FISH methods have provided novel critical insights into 3D genome folding
at the single-cell level, on the other hand they have disclosed new fundamental questions on the
molecular mechanisms shaping chromatin organization in single-cells. In the Chapter 3 we will
discuss principled models from physics to tackle the challenging, microscopy-derived, findings
described in this section.

1.4.1 Multiplex FISH microscopy for high-resolution chromatin tracing

In the paper [21], the authors reported a super-resolution chromatin tracing method to determine
the structural features of the genome with nanometer-scale precision in single-cells. The rationale
of the technique is essentially the following: if numerous consecutive chromatin segments can be
identified and precisely localized in individual cells, then we can finely trace the 3D conformation of

21



the considered genomic region by simply connecting their measured spatial positions. However, a
typical limitation of FISH microscopy methods is throughput, as they are limited to use two or three
channels (i.e., “colors”) that restrict the number of chromatin segments that can be simultaneously
imaged. The authors in [21] overcame this challenge by partitioning the targeted genomic region
into numerous segments, each 30 kb in length (which sets the resolution of the experiment), and by
imaging individual segments using sequential optimized rounds of FISH (Fig. 1.9). The technical
procedure, in brief, involves the following steps [21]: first, the considered region is labeled with a
library of 10° probes, each specific for each 30kb segment to facilitate multiplexed FISH imaging;
then, dye-labeled readout probes, complementary to the readout sequences along the genome, are
added to allow the 3D imaging of individual 30kb segments; the sequential process of readout-probe
labeling and imaging is repeated until all segments are imaged. This allows to generate, for each
single-cell, a 3D super-resolution image of the chromatin region of interest, each reporting the
position and structure of a contiguous 30kb segment with <50nm error in their localization (Fig. 1.9).
In their work, the authors performed imaging of multiple Mb-sized chromatin regions, traversing
different TADs and sub-TADs, of human chromosome 21 across different cell types. Some of the
main results of their study are discussed in the next subsections.
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Figure 1.9: Multiplex FISH imaging allows to probe chromatin 3D organization with nanometer- and
kilobase-scale resolution in single-cells. A scheme of the imaging approach from [21]. In brief, the genomic
region of interest is divided into consecutive 30kb segments, each univocally labeled by roughly 300 probes
that contain a readout sequence specific to each 30kb segment. Then, readout probes complementary to
those readout sequences are added sequentially, allowing the imaging of individual 30kb segments and,
hence, of the entire genomic region under investigation. The experiment allows to generate at the single-cell
level (i.e., in a single DNA molecule) a 3D super-resolution image of the chromatin conformation of the
studied genomic region with nanometer-scale precision. Adapted from [21].

1.4.2 TADs exist in single-cells and broadly vary from cell to cell

Super-resolution chromatin images allow to derive, for each cell in a population, a corresponding
pairwise spatial distance matrix, i.e., a symmetric matrix containing the pairwise spatial distances
between all chromatin segments of the imaged region in that cell. In other words, if D is the single-
cell distance matrix, then the entry Djjis the measured value of the physical (i.e., Euclidean) distance
between the chromatin segments iandj in the considered cell. Averaging those single-cell distance
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maps across the ensemble of imaged cells returns, by definition, the ensemble spatial distance
matrix of the studied genomic region. In the paper [21], the authors performed imaging of multiple
Mb-sized chromatin regions, traversing different TADs and sub-TADs, of human chromosome 21
across different cell types. For instance, the ensemble spatial distance matrix of a 2Mb genomic
region (genomic coordinates chr21:28-30Mb, hg38) in IMR90 lung fibroblast cells is shown in Fig.
1.10a [21]. This matrix displays specific, block-like TAD structures and it is shown in the original
work [21] to be in good agreement with the ensemble Hi-C contact matrix of the same region, thus
revealing the consistency of the multiplex FISH approach with Hi-C at the population-average level.
Furthermore, the single-cell spatial distance matrices (i.e., the distance maps of individual cells) also
exhibit clearly visible TAD-like structures corresponding in 3D space to spatially segregated globular
conformations (Fig. 1.10b). However, those TAD-like patterns are found to be broadly varying across
the ensemble of imaged cells. Indeed, the genomic positions of the single-cell TAD boundaries are
highly heterogenous, as they change from cell-to-cell (Fig. 1.10b).

Such a variability is quantitatively assessed by the boundary probability function, which measures
the probability to find in a single-cell a TAD boundary at a given genomic position (Fig. 1.10c, top).
Consistently, as a reflex of the substantial single-cell variation of the domain boundaries, this
function is found to be nonzero throughout the imaged region (i.e., each genomic position has a
finite probability to be a TAD boundary in single-cells). The local peaks of the boundary function
correspond to the most likely TAD boundaries, i.e., those visible in the ensemble distance map of
the locus at the population-average level. Those peaks, interestingly, show a preference to reside at
genomic positions associated with binding sites of CTCF and cohesin (Fig. 1.10c, bottom bar. Cohesin
is marked by RAD21, one of its core subunits), that is consistent with the known role of those
proteins in shaping chromatin structure.

Additionally, to measure the level of spatial segregation between chromatin segments along the
imaged genomic region, the authors introduced a separation score function [21] (see Fig. 1.11 for
the technical definition): a score equal to 1 means a complete spatial separation between chromatin
regions on the right and left side of the considered genomic position, while values <1 indicate a
degree of chromatin intermingling around that position. The high values of the separation score (in
the range 0.7-0.9) indicate a nearly complete spatial segregation at many of the identified single-
cell TAD boundaries (Fig. 1.10c, bottom), confirming that the imaged region tends to fold into
separated globule-like domains in single-cells. Similar experimental results, not discussed here for
brevity, are also found for other human cell lines (e.g., K562 erythroleukemia and A549 lung
epithelial carcinoma cells) [21].
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Figure 1.10: Multiplex FISH microscopy reveals the existence of TADs in single-cells. a) Median spatial distal
matrix of the locus chr21:28—-30Mb in human IMR90 cells. b) Examples of single-cell imaged distance matrices
of the locus and corresponding 3D structures. TAD-like patterns broadly vary from cell-to-cell. ¢) Top:
Boundary probability of the locus, i.e., the probability for each genomic position across the locus to be the
boundary of a single-cell TAD-like domain. This function, consistent with the high variability of single-cell TAD
boundaries, is nonzero at all genomic positions and is particularly enriched at CTCF and cohesin sites (bottom
tracks). Bottom: The separation score function measures the level of spatial segregation around each
genomic position across the locus (see Fig. 1.11 for its technical definition) and has a behavior similar to the
boundary probability. The bottom bar shows the CTCF and RAD21 (a cohesin subunit) binding sites of the
locus. Adapted from [21].

Technical definition of separation score

c) Cell 1 Cell 2
§, 100 A §, 100 B
o = o -
Sfom e\ BB °-’5’ MW\
o 7 050 2 “ 050
@ 28Mb Chr 21 29.2mb @ 28Mb Chr 21 29.2Mb
Genomic coordinate Genomic coordinate

24

Spatial distance (nm)



Figure 1.11: Technical definition of separation score in single-cells. The separation score of a genomic
coordinate “P” is defined by considering: i) a 180kb region (i.e., 6 imaged segments) downstream P (i.e., on
the left side of P); ii) a 180kb region upstream P (i.e., on the right side of P); iii) the midplane between the
mass centers of the downstream and upstream regions of P. Then, the separation score is the ratio
(nieft+Nright)/Ntot, Where niest is the number of 3D imaging localizations on the proper side of the midplane (i.e.,
the number of 3D localizations of the downstream 180kb region on the left side of the midplane), nyight is the
number of localizations of the upstream 180kb region on the right side of the midplane, and n the total
number of localizations of the whole 360kb region. A separation score equal to 1 indicates that the
downstream and upstream regions are completely separated. The panels a) and b) help to visualize such
technical definition. a) 3D imaging localizations of six chromatin segments (i.e., 180kb) located downstream
(colored with blue and cyan) and upstream (colored with red and orange) of the genomic position indicated
as “A” in cell 1 of panel c). The centers of mass of the downstream (blue+cyan) and upstream (red+orange)
chromatin regions are indicated as white dots; the midplane between the two mass centers is also shown as
a grey sheet. b) Same as in a) but for the genomic position “B” in cell 2 of panel c). c) Separation score across
a 1.2Mb region (Chr21:28-29.2Mb) for two example single-cells. Definitions and figures taken from [21].

Summarizing, multiplex FISH microscopy experiments [21] have revealed that chromatin in single-
cells forms TAD-like structures with sharp domain boundaries that correspond to 3D globular
conformations with strong physical segregation between neighboring domains. Those single-cell
TAD-like domains, however, show substantial cell-to-cell variability, as TAD boundaries occur with
nonzero probabilities at all genomic positions, albeit preferentially at CTCF and cohesin sites. This
shows, in particular, that TADs are physical structures present in single-cells and not an emergent
property of population-averaging, resolving an important, long-standing debate on the nature of
those domains.

1.4.3 Cohesin depletion erases patterns at the population-average level, but not in single-cells

Another major finding discussed in [21] is the investigation of how single-cell chromatin structures
change upon the removal of the cohesin complex, which is a key known architectural protein. To
this aim, the authors imaged a 2.5Mb region (chr21:34.6—37.1Mb) in human HCT116 cells (colon
cancer cells) and compared the chromatin structures in normal - “wild type” (WT) - conditions (Fig.
1.12, left) and after inducing an auxin-based treatment for cohesin depletion (Fig. 1.12, right). While
the ensemble spatial-distance matrix derived from imaging data has several pronounced TAD
structures in the WT case (Fig. 1.12a, left), the matrix derived after auxin treatment is mostly
featureless (Fig. 1.12a, right), as the population-averaged TADs and sub-TADs of the locus are largely
eliminated. This result is consistent with previous Hi-C experiments where cohesin loss is found to
erase contact patters at the ensemble level [88]. However, well beyond the average picture,
chromatin TAD-like domains in single-cells persisted in both the WT (Fig. 1.12b, left) and cohesin
depleted case (Fig. 1.12b, right). Conversely, a major difference in the absence of the cohesin
complex is related to the genomic location and probability of the single-cell domain boundaries,
which are uniformly spread across all genomic coordinates in HCT116+Auxin cells (Fig. 1.12c, right)
and no longer show a preferential positioning at CTCF and cohesin sites as in the WT case (Fig. 1.12c,
left).
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Figure 1.12: Effects of cohesin depletion on chromatin structure at the single-cell level. a) Median spatial
distance matrix of the locus chr21:34.6-37.1Mb in human HCT116 cells in normal “wild-type” (WT) conditions
(left) and upon cohesin depletion (HCT116+Auxin, right). In the WT case, the median distance map has
specific TADs and sub-TADs, which appear to be erased after cohesin removal. b) Examples of single-cell
distance matrices of the locus in WT (left) and HCT116+Auxin (right) cells. Albeit cohesin depletion implies
loss of structure at the population-averaged level, contact patterns still persist in single-cells. c) Boundary
probability of the locus in the normal case (left) and in absence of cohesin (right). Adapted from [21].

To summarize, cohesin depletion leaves contact patterns at the TAD-scale intact in single-cells, but
domain boundaries become equally likely to locate at any genomic position, therefore abolishing
TADs at the population-average level. In the emerging picture, cohesin is not required for the
maintenance of TAD-like structures in single cells and its role in the formation of ensemble TADs is
to establish preferred genomic boundaries for the single-cell domains.

1.5 Physical mechanisms of chromosome spatial organization

The increasing level of details provided by experimental advances has triggered the need to further
develop quantitative models from physics to understand the molecular mechanisms shaping
chromosome spatial organization. To this aim, first-principled models have been developed that try
to explain the complexity of chromatin contact patterns in a coherent, mechanistic framework (see,
e.g., [9,24,33-42,25,43-48,26—-32]). All those models rely on the basic idea that chromatin has a
polymeric nature and that its folding properties can then be quantitatively investigated via first-
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principled approaches based on the laws of polymer physics. Hence, chromosome conformations
are built based on molecular folding processes, which are postulated a-priori, and experimental data
are used to test and validate model hypotheses and predictions. Here, we aim to quickly introduce
the reader with two recently discussed classes of models that reflect two classical, yet distinct
biological scenarios to explain the formation of chromatin contacts: loop-extrusion and phase-
separation based polymer models (Fig. 1.13). The content of this Section is adapted from our recent,
more extensive review articles on the topic (see, e.g., [39,108,109]).

The loop-extrusion (LE) model [24,26,35,42,110] (Fig. 1.13a) envisages a picture where physical
proximity between distal sites is attained by a protein complex that binds to DNA and actively
extrudes a chromatin loop until encountering specific anchor (i.e., extrusion-halting) sites. While the
polymer compacts into a linear array of loops, specific contacts form between the motor anchor
sites where extrusion halts, thus defining boundaries between subsequent chromatin regions. The
technical details of the model and its implementation can be found in the referenced paper. The LE
describes an active, off-equilibrium physical process, as the molecular motor requires energy, e.g.,
ATP, consumption to perform extrusion. However, also variants of the model have been developed
where extrusion is driven by thermal diffusion [35] or transcription-induced supercoiling [42] rather
than by an energy-burning complex. The peculiar LE motor activity has been primarily ascribed to a
widely conserved class of proteins known as structural maintenance of chromosomes (SMC)
complexes, which particularly include cohesin and condensin, while properly oriented CTCF sites
can act as blocking sites [110]. Computer simulations have shown that the LE model can explain with
good accuracy loops and TADs visible in bulk Hi-C contact matrices as well as, for example,
experiments on mitotic chromosome compaction and segregation [24,26,35,42,110,111].
Furthermore, recent in-vitro single-molecule experiments have provided direct observation of the
extrusion activity driven by factors such as condensin and cohesin, albeit in simplified
conditions [112-114]. Also, the model has been shown to recapitulate the structural
rearrangements upon disruption of specific CTCF binding sites [24,115,116]. However, other
important experiments have provided evidence that chromatin 3D architecture is only partially
explained by the LE model. For instance, Hi-C data upon cohesin and CTCF depletion show that
interactions persist at the A/B compartment level and within former loops or TADs [117-119]. In
addition, super-resolution multiplex FISH microscopy experiments [19-22] have shown that TAD
domains are broadly varying in single-cells and that TAD boundaries occur with nonzero probability
at any genomic location, not only at a subset of CTCF sites [21] (see also Section 1.4). Those findings
hint that there are other folding physical mechanisms beyond LE.

The second class of polymer models [9,25,36-41,43-46,27,48,28-34] considers another classical
scenario of folding, where specific attractive interactions exist between corresponding cognate
types of distal DNA binding sites (Fig. 1.13b), either established by direct DNA-DNA contact (e.g., by
DNA-bound histone molecules) or established by diffusing molecules (such as Transcription Factors)
that can bridge those sites. Statistical mechanics dictates that thermodynamic phases are
independent of the specific origin of the interactions (i.e., direct or mediated by diffusing molecular
factors), hence those different models can belong to the same universality class [62]. Since
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interactions are homotypic, cognate DNA binding sites spontaneously self-assembles along the
sequence into specific globular blocks via a thermodynamic mechanism called “polymer phase-
separation”. This mechanism is a typical phenomenon observed in block-copolymers made of
incompatible chemical components [120,121], in which all the different blocks, due to homotypic
interactions, fold separately one from each other thus crumpling the polymer. Importantly, while
loop extrusion requires energy consumption, phase separations do not require energy input beyond
the thermal bath. Growing experimental evidence is supporting physical mechanisms of phase-
separation as a robust paradigm of cell nuclear organization and of transcriptional
regulation [78,79,81,82,122]. For instance, cooperative multi-molecular protein assemblies, such as
combinations of RNA polymerase Il with transcription factors and co-factors (as the Mediator
complex), have been shown to control gene activity by the formation of functionally relevant, phase-
separated, chromatin hubs [81].

a) Loop Extrusion (LE) model b) Phase-separation based model
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Figure 1.13: Two different physical mechanisms to explain the formation of chromatin contacts. a). Cartoon
of the loop-extrusion (LE) model. In the model, physical proximity between distal sites is established by an
active molecular motor (i.e., the cohesin complex), which extrudes chromatin loops until encountering
specific anchor sites (envisaged as pairs of CTCF binding sites with opposite orientation), in an out-of-
equilibrium process that requires energy (e.g., ATP) consumption. b) In phase-separation based polymer
models, distal sites come into close spatial proximity either by diffusing cognate molecular factors (e.g.,
Transcription Factors and other proteins) that can bridge those sites (as shown in the cartoon) or via direct
polymer-to-polymer homotypic attractive interactions. In both cases, driven by those long-range homotypic
interactions, the system spontaneously self-assembles into specific globular domains via a thermodynamic
mechanism of polymer phase-separation (see text), which involves no energy consumption as it is sustained
by the thermal bath. Adapted from [108].

In the next Chapter 2, we will discuss with all details a well-known example in the class of phase-
separation based polymer physics models, i.e., the Strings and Binders (SBS) polymer model [43,45],
which has been broadly applied, for example, to investigate chromosome large-scale 3D
organization [25,123], to understand the impact of disease-associated mutations [9] and also to
predict in-silico chromatin 3D structure at the level of single DNA molecules [38].
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2. Polymer phase-separation-based physics models of chromosomes

As discussed in Chapter 1, chromosomes fold into a complex 3D architecture within the cell nucleus,
including a hierarchy of multiple interactions serving important functional purposes (e.g., gene
regulation), yet the organizational mechanisms shaping chromosome structure remain poorly
understood. In this Chapter, we describe how the large-scale features of chromosome 3D
organization, such as TADs and population-averaged contact patterns, can be explained by a
molecular mechanism based on thermodynamic phase-separation. To this aim, we focus here on
the Strings and Binders (SBS) polymer model [9,38,43,45], which envisages a textbook scenario
where physical contacts between distal DNA sites are established via diffusing molecular factors,
such as Transcription Factors, that can bridge those sites. The model has been shown to accurately
describe Hi-C, GAM and FISH data across different genomic loci and cell
types [9,18,25,32,36,45,124-126], also at the single-molecule level [38,40]. In Section 2.1, we
discuss the polymer physics implementation of the SBS model, where a chromosome filament is
represented as a polymer chain along which different types of binding sites are located for cognate
diffusing binders. Depending on the number or energy affinity of the binders, the model undergoes
a thermodynamic phase-transition from a coil state, where the polymer is randomly folded due to
prevailing entropic effects, to an equilibrium globule phase, where instead attractive interactions
between binders and cognate polymer sites result in more condensed, compact structures. As
known in polymer physics [62], the system steady-state 3D conformations fall in those two main
structural classes (i.e., coil and globule) corresponding to its thermodynamics phases. We show that
those phase transitions result in conformational changes of the polymer chain, which establish, via
a phase-separation based mechanism, contact patterns (e.g., TADs and other structures) similar to
those observed in real data. To identify the binding sites of the SBS model, we developed a recursive
statistical computational algorithm, called PRISMR [9,38] and detailed in Section 2.2, that combines
machine learning and polymer physics. In brief, by taking as input only bulk pairwise contact data
(such as Hi-C or GAM contact maps) available in a considered genomic region of interest, PRISMR
infers the minimal set of binding sites sufficient to recapitulate, through only physics, the input
contact patterns. Then, in our strategy, we perform massive Molecular Dynamics (MD) simulations
of the inferred polymer model to derive a thermodynamic ensemble of in-silico, single-molecule 3D
conformations of the studied genomic region. The details of the MD implementation of the model
are all discussed in Section 2.3. Finally, as an application of our approach to real data, we discuss in
Section 2.4 the SBS model of a genomic region crucially involved in limb development, i.e., the HoxD
gene region [36]; we show that the basic ingredients of the model can explain with high accuracy
the complex and highly specific patterns of interactions observed in the experiments.

2.1 The Strings and Binders (SBS) polymer model

In the Strings and Binders (SBS) model a chromatin region is represented as a self-avoiding walk
(SAW) chain of beads, along which are located specific binding sites for diffusing, cognate molecular
binders [25,43,45] (Fig. 2.1a). The binders have a molar concentration, ¢, and can form loops by
bridging pairs of distal polymer sites, hence driving the folding of the chain. The particle interaction
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potentials of the model are based on classical studies of polymer physics [127] and include overall
three distinct terms (see Section 2.3 for a detailed discussion): a finite extensible (FENE) spring
between consecutive beads on the chain; a repulsive Lennard-Jones (LJ) potential to account for
exclude volume effects; a short-range attractive LJ between beads and binders, with an energy scale,
Eint, in the weak biochemical energy range (few KgT). The binders, as well as the polymer beads,
move under the Langevin equation, investigated by Molecular Dynamics computer simulations
(Section 2.3).

As the number of binders (or their affinity strength) grows above a threshold point, the polymer
model undergoes a thermodynamics phase transition from a coil, i.e., randomly folded, to a globule
state (Fig. 2.1b). For the explored weak biochemical affinities, the threshold concentration typically
falls in the fractions of pumol/l range [25,38], values compatible, e.g., with transcription factor
concentrations. As known from block-copolymer theory [120,128], the coil-globule transition
triggers sharp conformational rearrangements of the chain, as in the coil state entropic forces
produce more fleeting and transient contacts whereby the polymer folds into random open
conformations that fall in the universality class of the free SAW [62,129], while in the globule state
attractive interactions thermodynamically prevail and shrink the polymer into a compact, globular
structure [38]. As dictated by polymer physics [62], the equilibrium states of the model fold just in
a few conformational classes, which correspond to the system thermodynamics phases, i.e., the coil
or globule state. The model with its basic ingredients envisages an organizational mechanism of
folding based on reversible phase transitions, which occur spontaneously and are sustained by the
thermal bath. Polymer conformational changes can be sharply regulated in a switch-like manner, as
the system only needs, e.g., to establish an above threshold concentration of binders (or affinity),
with no need of fine tuning their number or strength.
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Figure 2.1: The Strings and Binders (SBS) polymer model and its phase diagram. a) Cartoon of the Strings
and Binders (SBS) polymer model. A chromatin filament is represented as a self-avoiding polymer chain made
of beads that cannot overlap. Along the chain specific binding sites (in red) are located for the molecular
binders of the model. The binders can bridge distal, cognate sites on the chain, thus looping the polymer. b)
Upon increasing the binder concentration or affinity, the model has a phase transition from a coil, i.e.,
randomly folded, to a more condensed globule state. As dictated by polymer physics [62], the equilibrium
conformations of the model fold in those two main conformational classes (i.e., coil and globule), which
correspond to its thermodynamics phases. The system can switch from one state to another simply by
crossing the phase boundary, with no need of parameter fine tuning. Adapted from [25].

30



2.1.1 Polymer phase-separation as a mechanism of TAD formation

Here, we aim to discuss a very simplified example to make sense of how contact patterns (e.g., TADs)
emerge in the model picture. To this aim, we consider a basic variant of the SBS model discussed
previously, in which now two distinct types of binding sites, visually represented by different colors
(i.e., red and green), are located on the polymer chain (Fig. 2.2a). In particular, the red and green
sites are placed in two separated halves of the polymer and each binding domain is provided with a
specific affinity to its cognate binders [45]. Inert, non-interacting sites are also included and
visualized in grey. In these conditions, the physical interactions between specific cognate binding
sites along the sequence promote a polymer-to-polymer phase-separation whereby the chain self-
assembles, at thermodynamic equilibrium, in two distinct, spatially segregated globules (Fig. 2.2b,
left). Consistently, the steady-state average pairwise contact matrix of the model shows two
squared blocks of enhanced interactions along the diagonal, reflecting the partitioning of the chain
in two separated globular domains (Fig. 2.2b, right). Notably, those domains closely resemble the
ones, commonly referred to as TADs (see Section 1.3), observed, for example, in 3C-based
interaction frequency data [16,17] (Fig. 2.2c). Polymer physics dictates that the thermodynamic
phases do not depend on the specific origin of the interactions, e.g., whether they are direct or
binder-mediated, thus different physics models can belong to the same universality class [62]. For
that reason, a model based, for instance, on homotypic direct interactions between polymer sites,
rather than mediated by diffusing factors, has same behaviors, as it provides the same
thermodynamic phases of the SBS model. Those phase transitions result in structural changes of the
chain that spontaneously establish, via a phase-separation based mechanism, contact or
segregation of specific distal sites, such as genes and their regulators [38].

5C Exp. data

a) SBS 2-colors toy model  b) Polymer phase-separation c)

1
contact frequency low high

Figure 2.2: Contact patterns result from polymer phase-separation in the SBS model. a) SBS polymer chain
with two distinct types of binding sites, visually represented by different colors (i.e., red and green). b) Left:
the homotypic attractive interactions between polymer binding sites and cognate binders drive a polymer-
to-polymer phase separation whereby the chain spontaneously folds, at equilibrium, in two distinct,
segregated lumps (respectively, the red and the green globules). Right: the pairwise contact matrix of the
phase-separated polymer chain has enriched interaction squares along the diagonal, which reflect the spatial
segregation of the model in two distinct globular domains. c) 5C interaction data of a 2Mb wide region
encompassing the Xist gene in mouse embryonic stem cells [17]. The contact patters observed in the
experiments (e.g., TADs) result in the SBS model from a physics mechanism of polymer phase-separation [38].
Adapted from [45].
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2.2 Inference of the model binding sites via a polymer-based recursive statistical
computational method

We can use the basic ingredients of the SBS model discussed before to investigate the mechanisms
whereby real genomic regions fold in 3D space [9,25,36,38]. However, a naive SBS block-copolymer,
as the one discussed in Section 2.1, only provides a poor description of folding, as chromatin loci
involving, for instance, genes and their regulators, typically have complex, specific interaction
patterns, as observed in Hi-C or GAM experiments. For that reason, we developed a more refined
SBS model, in which different types of binding sites, visually represented by many different colors,
are non-trivially arranged along the chain to capture such a contact specificity [9,25]. To infer the
genomic location and the types of the putative binding sites of the SBS model of a given genomic
region of interest, we designed a polymer-based recursive statistical computational approach, called
PRISMR [9], which provides the minimal, best polymer model by taking as input only contact data
(e.g., Hi-C or GAM). Here, we summarize the main features of the PRISMR method [9] (subsection
2.2.1), and also discuss its improved, more recent version implemented in [38] (subsection 2.2.2).
Most of the material discussed in this Section is adapted from the original papers [9,38].

2.2.1 The PRISMR algorithm

Based only on physics, our PRISMR algorithm infers the minimal number of distinct types of specific
binding sites (i.e., distinct colors) and their positioning along the chain that best reproduce the input
contact matrix of a given genomic locus of interest (Fig. 2.3). Formally, an SBS polymer model is
identified by the arrangement of binding sites of different types along the chain of beads, i.e., by
the set {ci} of its color variables, where ci=0, 1,..., n labels the distinct colors on the chain (n is the
total number of colors, while 0 corresponds to gray, inert sites), and the index i=1,...,N labels the i-
th bead. Hence, the output of PRISMR is the best, minimal arrangement {ci}min of beads along the
chain to describe the input contact matrix. The sequence of the genomic region to model is divided
into M windows (i.e., bins), according to the genomic resolution of the considered experiment, e.g.,
Hi-C or GAM. As a single DNA window could include many binding sites, we suppose that our model
can accommodate up to r binding sites (beads) in each DNA window. Thus, the total number of
beads in the SBS model chain of the considered locus is the M*r. The procedure also estimates the
optimal value of r, r*. For instance, for the genomic locus in human HCT116 cells investigated in [38],
we used 30 kb resolution Hi-C data with M=83 windows and found r*=10 (see Section 3.1), thus
returning polymer models made of 830 beads. The method is general to account for any type of
input contact data, e.g., Hi-C, GAM, SPRITE, or microscopy-based average distances, albeit in the
following, for simplicity, we focus on the case of Hi-C data.

PRISMR is based on a standard simulated annealing Monte Carlo (SA) optimization procedure [130],
which minimizes the distance between the predicted polymer model and the input contact matrix,
under a Bayesian weighting term to avoid overfitting. To this aim, the algorithm employs a cost
function, H=Ho+H,, which accounts for two distinct contributions: Hpis the standard mean squared
error function, i.e., the average squared distance between the input and model-derived contact
matrix, while H, is the Bayesian term (a chemical potential), weighted by a regularization parameter
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A 20 that penalizes the addition of new interacting beads on the polymer chain (the larger A is, the
more the addition of a new binding site is penalized). PRISMR seeks the minimum of the total cost
function, H, in the space of all SBS polymers with n allowed colors by the SA iterative procedure (Fig.
2.3): starting from a random initial assignment of the binding sites along the chain, the type (i.e.,
the color) of a randomly chosen bead is changed at random, the average contact matrix of the new
polymer is computed out of physics, and the cost function evaluated until convergence. Such a
procedure is repeated many times using different initial conditions to scan the space of the
parameters (n, A, r), in order to find their optimal values, (n*, A*, r*), that explain the input Hi-C
contact matrix within a given accuracy.

A computationally demanding step of PRISMR is the calculation of the equilibrium thermodynamics
average contact frequency, C(i,j), during each iteration of the SA procedure. That can be achieved,
for instance, by molecular dynamics (MD) computer simulations (see Section 2.3), which, however,
may require huge computational efforts. To speed up the computation and make our procedure
feasible, e.g., over genomic scales, we implement, as typical of statistical mechanics [131], a mean-
field approximation, in which C(i ) is estimated based on the average contact frequency between
two sites at the same genomic separation in a homopolymer SBS model with the same number of
beads [9]. In particular, two sites, i and j, of the same color have as average contact frequency the
value in the corresponding SBS homopolymer of interacting beads [45], whereas in case they belong
to different color types, C(i,) is equal to the interaction frequencies between beads belonging to
different types in different domains in the SBS model [9,45] (which is typically negligible compared
to the other case). We tested by extensive MD simulations that such an approximation performs
comparatively well and provide similar results of the full-scale MD simulations [9].
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Figure 2.3: Scheme of the PRISMR iterative procedure. PRISMR is a polymer physics and machine learning
based procedure that infers the genomic location and types of the putative binding sites of the SBS polymer
model of a given genomic region. The approach takes as input only bulk (e.g., Hi-C) contact data, with no use
of epigenetic tracks or additional parameters. Left: The method involves five main iterative steps: (i) consider
a polymer model with a given arrangement of binding sites; (ii) derive a thermodynamics ensemble of its 3D
equilibrium conformations out of physics; (iii) compute its contact matrix and (iv) compare it with the input
contact data; (v) change the polymer model accordingly and repeat until convergence. The output of the
procedure is the minimal polymer model of the considered genomic region. Right: By massive MD simulations
of the optimal polymer model inferred by PRISMR we derive a thermodynamic ensemble of single-molecule
3D conformations of the considered genomic region. Different types of binding sites are visually represented
by distinct colors. Molecular binders can bridge their cognate sites on the chain, thus folding the chain via a
mechanism of polymer phase-separation. Adapted from [9].
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2.2.2 An improved version of the algorithm

In [38], we changed and redesigned different aspects of the PRISMR algorithm. First, to better
control for genomic distance effects, we implemented a new cost function, in which each term of
the mean squared error function Hpis normalized by the average Hi-C contact frequency at that
genomic distance. That prevents the Hi-C matrix elements close to the diagonal to dominate the
calculations, as they have much higher values than those corresponding to larger genomic distances.

Next, we developed a more refined and quantitative procedure to estimate the optimal parameters
(n*, A*, r*). Based on a standard approach of supervised learning, we divide the input Hi-C data in
two complementary sub-sets: a training set and a test set (Fig. 2.4a). During the SA procedure the
cost function is evaluated only on the matrix elements of the training set, while the test dataset is
used to test the model predictions. In [38], for instance, we randomly split the Hi-C dataset into 70%
training and 30% test set, yet we verified that the estimated parameters are robust upon changing
the size of the training set, e.g., from 50% to 80% of the Hi-C data. To assess, e.g., n*, i.e., the optimal
number of different types (colors) of binding sites of the putative polymer model of a considered
genomic region, we iterate the SA procedure for different values of n and evaluate the cost function
of the corresponding output model on both the training and test sets. While the function Ho(n) over
the training set decreases with n until plateauing [9], the one evaluated over the test set first
decreases up to reach a minimum and then increases, signaling overfitting (Fig. 2.4b, c). The
minimum of Ho(n) over the test set provides the optimal n*, for which the model has its best
predictive power. For each n, we typically run at least 20 independent SA simulations with distinct
random selections of the training set and varying initial conditions (different random initializations
of the polymer model). For example, in the case of the loci studied in Conte20, we found n*=4 in
the HCT116 model, n*=3 in HCT116+ Auxin and n*=7 in IMR90 (see Sections 3.1 and 3.4).

The optimal values of A and r, respectively A* and r*, are estimated by using a similar procedure.
Specifically, to find A*, we fix n* and search the minimum of the extended cost function H=Ho+H; at
varying A values. As described before, the input Hi-C dataset is split in two complementary training
and test sets (e.g., 70% and 30% respectively) and PRISMR is only performed on the training set.
Then, we run a battery of independent SA simulations at varying initial conditions and identify A* as
the minimum of the Ho function over the test set. The values returned by the procedure in [38] are:
A*=10" in HCT116 and HCT116 + Auxin, and A* =10"* in IMR90. Next, by fixing n* and 1%, we
proceed in the same way to estimate r*, i.e., the optimal number of polymer beads corresponding
to a given window (bin) of the input Hi-C contact matrix. For instance, we found r*=10 in the models
discussed in [38]. As a final step, to identify the model corresponding to the absolute minimum of
the cost function, we perform additional 102 SA simulations from different initial conditions by using
the estimated optimal parameters (n*, r*, A*). The models corresponding to the lower 10% minima
are found to be statistically similar to each other, hence proving the robustness of the procedure [9].
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Figure 2.4: The improved PRISMR procedure. a) In its improved version [38], PRISMR takes as input bulk,

e.g., Hi-C, contact data, which are split in two complementary training (green) and test (pink) sets. To infer
the minimal SBS polymer model that best explains the input contact data, the machine learning procedure is
run on the training dataset, while the test set is used to evaluate the contact frequencies predicted by the
model. b) The cost function Ho, i.e., the normalized mean squared difference between model and
experimental contact maps, is plotted against the number of distinct types of binding sites (colors), n, over

the training (green) and the test (pink) sets in the case of the SBS model of a 2Mb wide locus in human

HCT116 cells [38]. Data shown are mean values +/- s.e.m. by taking 20 independent simulations for each

point. The value of n corresponding to the minimum of Hy in the test set is where the model has its best

predictive power. In the plot, the function Ho(n) is normalized by Ho(n=0), i.e., the corresponding value of a

polymer model with no binding sites. ¢) Same as b), for the SBS model of a 2Mb wide locus in human
HCT116+Auxin cells. Adapted from [38].

2.3 Molecular Dynamics (MD) simulations of the SBS model

To derive a thermodynamic ensemble of single-molecule 3D structures of specific genomic loci, we
perform massive Molecular Dynamics (MD) simulations of the optimal polymer models inferred by
PRISMR [9,38]. We employ the publicly available LAMMPS software [132] to integrate the system
motion equations, which are numerically solved via the velocity-Verlet algorithm until
thermodynamic equilibrium is reached. MD simulations are performed as detailed in classical

studies of polymer physics simulations [127] and all technical details reported below are
summarized from published works [25,38,133,134].
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2.3.1 Motion equation and physical interaction potentials

Polymer beads and binders are modelled as hard spheres having, for simplicity, the same mass, m,
and diameter, . They are Brownian particles embedded in the nuclear medium and subject to the
Langevin equation:

d? d

m o #(0) = —{ () - FU(R®) + @), (1)

where X(t) is the vector of the particle spatial coordinates, U is the total potential acting on the
particle (see below), E(t) the white noise term of the randomly fluctuating force produced by the
viscous nuclear environment. The friction coefficient {is linked to the cell nucleus viscosity, n, via
the Stokes relation {=3mno. As usual in MD implementations [127], the simulations are performed
in dimensionless units (reduced or Lennard-Jones units): m, o, KsT (the thermal energy) are set equal
to 1. A typical value in LJ units for the friction coefficient is {=0.5 [46,47,127]. To avoid boundary
effects, the system moves in a simulation cubic box with periodic boundary conditions, whose linear
size is proportional to the gyration radius of a SAW chain with the same number, N, of beads («
NO-39) [25].

We use in our simulations standard interaction potentials developed in classical polymer physics
studies [127] (Fig. 2.5). The physics potential, U, in the Langevin equation (1) is the sum of three
distinct contributions: i) a finitely extensible non-linear elastic (FENE) potential with standard
parameters [127] between consecutive monomers of the chain:

Veeng (1) = —%k (&)2 In [1 - (1)2] , (2)

g ag

where k is the FENE spring strength, set to 30KsT/0?, and Ro is its maximal extension, i.e., the
maximal length of the bond (Veene=0 if r = Ro; Ro=1.60); ii) the Weeks-Chandler-Andersen (WCA)
potential, which models the hard-core repulsion between two adjacent polymer sites:

Viwea(r) = 4e [(%)12 - (5)6 + l] , (3)

r 4

where e=KgT is the energy unit and r the distance between two particle centres. Such a potential is
null if r is greater than 2%60~1.120 [25,127]; iii) a truncated short-range, attractive Lennard-Jones
(L)) potential [46] between polymer beads and cognate binders:

() - ()" + ()], “

where €in: is the parameter controlling the strength of the interaction, ows is the sum of bead and

Vi (r) = et [(J:;b)lz -

binder radii, r the particle centre-to-centre distance and rin: the cut-off distance value that sets the
interaction range (i.e., V=0 if r > rin). Finally, the absolute value of the minimum of the potential
V., Eint, defines the energy scale of the specific interaction between beads and cognate binders:
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We also considered the case where along the chain there are unspecific binding sites for binders,

characterized by a lower energy affinity [38]. In our computer simulations, typical values of the
specific, as well as unspecific, binding energy affinities are in the weak biochemical energy
range [9,25,38] (e.g., few units of KgT). For instance, in [38] we explored a spectrum of specific and
unspecific affinities between binders and binding sites, respectively, from 3.1 to 8.0KgT (for
simplicity equal across the different types) and from 0 to 2.7KsT (see, e.g., Section 3.1). The minute
details of those parameters, however, do not affect the general, equilibrium properties of the
model, because of the Statistical Mechanics concept of universality in phase transitions [62].

SBS force field
oD O+—0 G

FENE potential WCA potential Attractive LJ
Polymer beads Bead-Binder

Figure 2.5: Summary scheme of the interaction potentials of the SBS model. An elastic FENE spring connects
consecutive beads on the chain, yet their overlap is prevented by a repulsive Weeks-Chandler-Andersen
(WCA) potential. A truncated, short-range Lennard-Jones (LJ) potential produces the attractive interaction
between beads and cognate binders.

2.3.2 Conversion of MD parameters into physical units

We use standard MD procedures to map the dimensionless parameters of our simulations into
physical units [47,135]. For instance, the model length scale, i.e., the bead diameter o, can be
estimated by assuming that the local density of chromatin loci equals the expected average density
of DNA in the entire nucleus. As a result, o = (s0/G)3Do, where G is the total genomic content of
DNA in the cell, Do the average nuclear diameter of the considered cell type and so the genomic
content of each chain polymer bead [45]. Alternatively, if available, experimental, e.g., microscopy-
based, distance data can be used to calibrate the length scale of the models. In the paper [38], for
example, o is estimated by using single cell multiplexed FISH imaging data at 30kb resolution [21]
available in several human genomic loci (see, e.g., subsection 3.3.1). Similarly, the molar binder
concentration, c, is converted into umol/l via the relation c=P/(VNa) [25], where P is the absolute
number of binders, V the box volume, and Na the Avogadro number. The MD time scale, T, is given
by T = 61tno3/(KsT), where n is the solvent viscosity. Changes to the viscosity, whose reference values
range around 0.01-0.03P [38,46], only proportionally change the time scale.

2.3.3 Steady-state 3D conformations from initial states

The initial states of our MD simulations are distinct SAW conformations, prepared as described
in [127]: first, we generate a random walk chain in which the distance between two consecutive
beads is 0.970, i.e., the average length of an equilibrium SAW conformation subject to the FENE (2)
and WCA (3) potentials described above; next, to remove overlaps between polymer beads, we let
the system equilibrate, for 10’ MD iteration timesteps [25], under the soft potential:
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where the factor A linearly increases in time and L=2Y6g (Vsof:=0 if r > L). To check that the polymers
are in the SAW universality class, we perform a scaling analysis by computing the average pairwise
contact probability Pc(s), as well as the mean squared Euclidean spatial distance R?(s), as a function
of the genomic distance (i.e., the polymer contour length). Indeed, textbook results provide,
respectively, Pc(s)~s*and R%(s)~s%, where a=-2.1 and v=0.59 [62,129]. As an example, we show in
Fig. 2.6 the scaling exponents of the SAW conformations used in [38] as initial states of the MD
simulations of a 2Mb wide locus in human HCT116 cells.
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Figure 2.6: Scaling laws of the SAW universality class. To check that the initial states of our MD simulations
are folded in the SAW universality class, we compute the scaling exponents of a) the pairwise contact
probability, P, and b) the average squared distance, R?, as a function of the genomic distance along the chain

(i.e., the polymer contour length). As expected from textbook results [62,129], those functions scale as,
respectively, P(s)~s2* and R?(s)~s?"0%°,

Then, we introduce the binders in the simulation box and let them interact, as described above, with
specific and unspecific binding sites of the polymer chain, so driving its folding. The system evolves
up to when stationarity is reached, e.g., typically up to 1028 MD time iterations steps [25,38]. To

monitor system dynamics, we use as control parameter, for instance, the gyration radius of the
chain, defined as [129]:

Ry = \/%Zli\l:l(_r)i —T76)?, ®

where N is the number of beads of the polymer and 7; the coordinates of its mass center. Upon
choosing high enough binder concentrations or affinities (see Fig. 2.1b), the gyration radius has a
sharp drop in time, which signals the coil-to-globule phase transition of the system. At large times,
its asymptotic plateauing marks the reached stationarity (Fig. 2.7). A similar drop is also found for
other order parameters of the chain, such as its binding energy or separation score (Section 3.1).

Finally, to produce a robust statistical ensemble of conformations, we run thousands of independent
polymer simulations.
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Figure 2.7: The coil-to-globule phase transition of the system is monitored by the time course of its gyration
radius. For high enough binder concentrations or affinities, the model undergoes a thermodynamics phase
transition from an initial coil state, described by the statistics of the SAW chain, to a globule phase. The model
transition is marked by a sharp decrease of the system order parameters, such as its gyration radius as a
function of the MD time. In this example, the gyration radius of the chain is normalized by its initial SAW
value [38].

2.4 Application to real data: SBS model of the HoxD gene region

As an application of the above-described methods to real data, we briefly discuss here the SBS
model of a 7Mb region (chr2:71160000-78160000, mm10) around the HoxD genes in mouse
embryonic stem cells (ESCs) and cortical neuronal cells (CNCs). Those genes are particularly relevant
because they are critically involved in limb development and genomic mutations within their region,
such as duplications or inversions, have been functionally linked to malformations and
diseases [136—138]. The material discussed in this Section is adapted from our published paper [36].

To infer the SBS models of the HoxD locus, i.e., the minimal number of distinct types of specific
binding sites and their positioning along the polymer chain, we employed our PRISMR approach (see
Section 2.2) by taking as input Hi-C data at 5kb resolution [139] available in the studied cell types
(ESCs and CNCs). Next, to derive an ensemble of polymer 3D conformations, we performed MD
simulations of the models inferred by PRISMR as described above (Section 2.3). To test the accuracy
of our models, we compared the experimental Hi-C data in ESCs and in CNCs against the
corresponding model-derived pairwise contact matrices (Fig. 2.8). The Pearson’s correlation
between model and Hi-Cis r=0.92 and r=0.93 in ESCs and CNCs, respectively. To account for genomic
distance effects (i.e., the average decay of Hi-C interactions at increasing genomic distances), we
computed the genomic distance-corrected Pearson correlation coefficient, r’, between model and
experimental maps, that is the Pearson correlation evaluated on contact matrices whose diagonals
are subtracted (in both model and experiment) by their average value at that genomic distance. We
found this finer correlation to provide high values too (r'=0.48 and r'=0.59, respectively), thus
showing that the models well recapitulate the observed Hi-C contact patterns in both cell types
(compare, e.g., top panels of Fig. 2.8a, b for ESCs and top panels of Fig. 2.8d, e for CNCs).
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Figure 2.8: The SBS model describes with good accuracy Hi-C contact patterns of the HoxD region. a) Top:
Hi-C data [139] of the studied HoxD region in mouse embryonic stem cells (ESCs). A track with the genes of
the locus is also shown. Bottom: The SBS model inferred main binding domains. b) Top: SBS model-derived
average pairwise contact matrix of the HoxD locus. Black segments show the TADs of the region [139].
Bottom: Representation of the model binding domains most contributing to the contacts observed in Hi-C. A
single-molecule model 3D conformation of the HoxD region is also shown on the right with its color scheme.
c) As in panel a) but for cortical neuronal cells (CNCs). d) Same as in b) but for CNCs.

To provide a principled interpretation of the patterns visible in the contact maps of the locus, we
investigated how those patterns originate from polymer physics by the interactions of the model
binding sites. In ESCs, the model identified 17 main binding domains (visually represented by
different colors), each having a significant overlap with a single TAD or sub-TAD of the locus (Fig.
2.9a). In fact, by visually plotting the most contributing domain to each pairwise contact, we found
that the TADs visible in the Hi-C data roughly correspond to DNA regions particularly enriched by
contacts linked to one of the binding sites of the model (see Fig. 2.8b, bottom). Yet, binding domains
overlap with each other along the considered DNA sequence; that allows to faithfully capture the
observed finer TAD internal structures, as interactions within a TAD can be associated with more
than a single binding domain. The model also identifies more spread binding domains (Fig. 2.9a),
not directly associated to a single TAD, that originate the weaker, but not negligible, long-range
interactions of the locus (e.g., the interactions across the different TADs). Similar results are also
found in CNCs, where, interestingly, the binding domains exhibit a stronger genomic overlap with
each other, resulting in much more marked higher level of inter-TAD interactions as observed in Hi-
C data (Fig. 2.8e and Fig. 2.9b). Finally, to guess the molecular nature of the inferred binding
domains of the models, we computed the Pearson correlation between their genomic positions and

40



the profiles of available epigenetic and histone marks [139,140] (Fig. 2.9a, b, rightmost panels; all
details of the calculations are in the original work [36]). Intriguingly, we found that each type of
binding sites corresponds to a different combination of epigenetic marks (e.g., CTCF/H3K4me3,
H3K4mel/H3K27ac, and so on), rather than a single factor.
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Figure 2.9: Correlation of binding domains with TADs and available epigenetic marks. Genomic location of
the model different binding domains (left) inferred from Hi-C data [139], their overlaps with TADs as defined
in [36,139] (middle) and their significant Pearson correlations with available chromatin marks [139,140]
(right) in a) ESCs and b) CNCs.

Summarizing, the high correlations between models and experiments support a principled
interpretation of chromatin contact patterns through polymer physics, as envisaged by the SBS
model. In the emerging scenario, structures such as TADs and metaTADs can be explained as regions
enriched for contacts between specific types of binding sites, which self-assemble along the polymer
chain via a thermodynamic process of phase-separation and are correlated each with a specific
combination of known epigenetic factors (e.g., including, but not limited to, CTCF).
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3. A thermodynamic mechanism of polymer phase-separation unveils the
origin of contact patterns in single-cells

In this Chapter, which is entirely based on the paper [38], we aim to investigate the molecular
mechanisms shaping chromatin folding at the level of single DNA molecules by using polymer-
physics-based approaches, such as the SBS model discussed before. To this aim, we focus on two
2Mb wide loci in human HCT116 and IMR90 cells, where both Hi-C [88,117] and independent single-
cell imaging data are available [21]. In our strategy, the SBS polymer models are inferred from bulk
Hi-C, whereas model predictions on single-molecules are validated against single-cell microscopy
conformations. Specifically, in Section 3.1 we report with all details the polymer models of the
considered HCT116 and IMR90 loci and discuss their phase transition from a coil to a globule phase-
separated state. In Section 3.2, we describe a method to directly compare pairs of experimental-
model 3D structures and show that all single-cell imaged conformations of the studied loci
statistically map onto conformations of the model belonging to its thermodynamics globule phase-
separated state. To further validate our model, in Section 3.3 we compare the features of its
predicted 3D structures against those observed in single-cell experiments, such as the TAD boundary
probability function or the average separation score, and find a significant agreement in all those
comparisons. Next, we quantitatively investigate the cell-to-cell structural variability of chromatin
single-cell conformations and show that it naturally results from the inherent folding degeneracy of
the phase-separated conformations of the model. We also test, in Section 3.4, the predictions of
our polymer model upon removal of the cohesin complex, which is a known key chromatin
architecture organizing factor. Our results, consistent with single-cell imaging experiments [21],
indicate that cohesin depletion tends to reverse chromatin globule phase separation to the coil
thermodynamics state in most single cells, resulting in much more variable and transient contact
patterns in single molecules. Finally, in Section 3.5, we explore the steady-state time dynamics of
chromatin structure at the single-molecule level and discuss how stochasticity of DNA interactions
can coexist with contact specificity. The overall agreement between single-cell imaged and model-
derived conformations supports the view whereby, in the studied HCT116 and IMR90 loci,
chromatin folding is explained at the single-cell level by a thermodynamics physics mechanism of
polymer phase-separation. All the material reported in this Chapter is taken or adapted from [38].

3.1 SBS polymer models of two 2Mb wide genomic regions in human HCT116 and
IMR90 cells

We describe here the SBS models of two 2Mb wide lociin human HCT116 and IMR90 cells (genomic
coordinates: chr21:34.6-37.1Mb and chr21:28-30Mb, hg38), where bulk Hi-C[88,117] and
independent single-cell multiplex FISH data [21] are available. In the subsection 3.1.1, we report the
experimental Hi-C contact data of those loci that we use in our approach as input to infer the binding
domains of the SBS models. The details of the models and their thermodynamic coil-to-globule
phase transition are discussed in subsections 3.1.2 (for HCT116) and 3.1.3 (for IMR90). Finally, in
subsection 3.1.4 we analyze the epigenetic signature of the inferred SBS binding domains. The
content of this Section is adapted from the paper [38].
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3.1.1 Hi-C contact data of the studied loci

To infer the putative binding sites of the SBS models of the considered loci, we employed our
PRISMR routine (Section 2.2) by taking as input bulk Hi-C data from [117] and [88], respectively, in
HCT116 (Fig. 3.1a, top) and IMR90 (Fig. 3.1b, top) cells. We used 5kb resolution Hi-C data, which we
re-binned at 30kb in our modeling to match the resolution of multiplexed FISH data [21]. The Hi-C
maps of both cases have specific patterns of TAD and sub-TAD structures, showing that in both loci
chromatin is partitioned into preferential self-interacting domain structures at the population-
averaged level. The boundary probability function derived from imaging data [21], i.e., the
probability for each genomic position to be the boundary of a single-cell domain, is enriched in
correspondence of the main TAD boundaries of the contact matrices, yet it is nonzero across all
genomic positions because of the high cell-to-cell variability of TAD-like structures (Fig. 3.1, middle;
see also Section 1.4). Consistently, the separation score [21], which measures the level of spatial
segregation at each genomic position, has peaks matching those of the boundary probability
function and, again, is nonzero along the studied loci, revealing that chromatin folds into spatially
segregated globular domains that, however, broadly vary in single cells (Fig. 3.1, bottom). As
detailed in the next subsections, by machine learning from only Hi-C data (Fig. 3.1), we infer the SBS
models of the considered HCT116 and IMR90 loci and, next, by MD simulations we derive a
corresponding ensemble of in-silico 3D structures.
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Figure 3.1: Bulk Hi-C contact data of the studied HCT116 and IMR90 loci. a) Top: Hi-C contact data [117] of
the studied chr21:34.6-37.1Mb locus in human HCT116 cells. Experimental resolution is 30kb. Middle:
Genomic boundary probability of the locus in HCT116 as measured in single-cell imaging experiments [21]. It
is enriched in correspondence of the genomic locations of the main TAD structures of the locus, yet itis found
to be spread across all genomic positions as a reflex of the high cell-to-cell structural variability. Bottom: The
spatial segregation [21] quantifies the level of spatial segregation along the locus and behaves similarly to
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the boundary probability function. b) Top: Hi-C contact data [88] of the studied chr21:28-30Mb locus in
human IMR90 cells. Experimental resolution is 30kb. Middle: Boundary probability of the IMR90 locus derived
from imaging data [21]. Bottom: Separation score [21] of the imaged IMR90 locus.

3.1.2 SBS model of the HCT116 locus and its coil-to-globule phase transition

Inthe HCT116 locus, by taking as input Hi-C data from [117] (Fig. 3.2a), PRISMR returns four distinct
types of specific binding sites (n*=4), visually represented by different colors and each defining a
binding domain (Fig. 3.2). Similarly, the inferred optimal number, r*, of polymer beads within a
single window (bin) of the experimental Hi-C matrix is r*=10 (see Section 2.2 for definitions). As the
considered locus is 2.5Mb wide and the Hi-C resolution is equal to 30kb, the experimental contact
matrix is divided into M=2500/30=83 bins, hence providing polymer chains made of MXxr*=830
beads. The polymer system is investigated at different binder concentrations and affinities (for
simplicity equal for all types) by massive parallel MD simulations to derive, for each different
concentration or binder affinity, a thermodynamic ensemble of single-molecule 3D conformations
of the model of the locus. In our study we explored a spectrum of specific and unspecific affinities
between binders and binding sites in the weak biochemical energy range, respectively from 3.1 to
8.0KsT and from 0 to 2.7KgsT. After setting the affinities, we sampled almost three orders of
magnitude in binder concentrations, from 0 to 0.5umol/I.
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Figure 3.2: SBS model of the HCT116 locus. Left: The inferred SBS model of the studied chr21:34.6-37.1Mb
locus in human HCT116 cells has four distinct types of binding sites, forming four binding domains that are
visually represented by a different color. Their genomic location and abundance are shown. Right: Cartoon
of the SBS model polymer chain with the track of genes (UCSC Genome Browser) highlighted. Adapted
from [38].

Upon increasing the concentration of binders, at a characteristic threshold (Fig. 3.3a) the polymer
undergoes a thermodynamics phase transition from a coil to a globule phase separated state [62],
a more condensed structure where the different binding domains self-assemble by action of (and
along with) their cognate binders to form more compact and partially separated globules. The
conformational rearrangement of the system is signaled by a sharp decrease of its order
parameters, such as the equilibrium gyration radius Rg (Fig. 3.3a, top) or the system binding energy
(Fig. 3.3a, middle), i.e., its total potential energy. Similarly, the sharp decrease of the separation
score, which measures the level of spatial separation between chromatin segments on either side
of a given genomic position, signals that, when the number of binders (or their affinity) increases
above threshold, distinct spatially segregated globules self-assemble along the polymer chain (Fig.
3.3a, bottom). In the HCT116 model, we find the transition threshold concentration to be about
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50nmol/I (Fig. 3.3a). More generally, for the explored weak biochemical affinities, such a threshold
lies within the fractions of umol/I range [25], which are values consistent with typical transcription
factor concentrations.

To check whether the SBS polymer conformations recapitulate the Hi-C data [117] of the HCT116
locus used to infer its binding sites, we computed the average pairwise contact matrix of the model
in the two thermodynamic phases of the theory, i.e., in the coil and the globule phase-separated.
To this aim, we performed extensive MD simulations to produce in both states an ensemble of
model conformations at thermodynamic equilibrium (Fig. 3.3b). Specifically, in the simulations we
set the specific and unspecific binding energy equal to 3.1KsT and 2.7KzT, respectively, and used as
reference a binder concentration ¢=0.03umol/l for the coil and ¢=0.11umol/l for the phase-
separated state (Fig. 3.3a). Different choices of binder concentrations in the thermodynamic phases
of the system do provide the same results because of the concept of universality in Statistical
Mechanics [62]. To compute the average contact matrix of the model we used a standard literature
approach [25,46]. In brief, we first compute the pairwise contact matrix of a single-molecule
conformation, i.e., a square symmetric matrix C where the entry Cjj is equal to one or zero depending
on whether the polymer beads, i and j, are in contact or not. Two any polymer sites are in contact if
their relative spatial distance is less than a fixed distance threshold. For instance, in the HCT116
model we varied such a threshold from 30 up to 100 and checked that our results are robust [38].
Then, the average pairwise contact map is simply the ensemble average of the above-described
single-molecule contact matrices. In the coil phase, where entropic forces keep the polymer in
randomly folded states, contacts within single-molecules are fleeting and variable, hence producing
a structureless contact matrix at the population-averaged level (Fig. 3.3c). Conversely, in the
globular state, the system exhibits a pattern of TADs and sub-TADs similar those in Hi-C data (Fig.
3.3c). To quantify the similarity between model-derived and experimental contact maps, we first
computed a standard Pearson correlation coefficient, r, which returned r=0.60 in the case of the coil
state and a higher correlation, r=0.88, in the globule phase-separated state (Fig. 3.3c). However,
since such a measure does not account for genomic distance effects, we also computed the genomic
distance-corrected Pearson correlation, r'. We found a low r’ correlation value between the coil
state of the model and Hi-C contact data, r'=0.13, and a comparatively higher correlation, r'=0.68,
in the phase-separated state. In Section 3.2, by using independent single-cell multiplexed FISH
data [21] available in the studied HCT116 locus, we will demonstrate that all imaged conformations
statistically map onto model single molecules falling in the phase-separated globule state,
consistently with the findings discussed here.

Summarizing, these results indicate that the basic physics ingredients of our polymer model are
sufficient to recapitulate the bulk Hi-C input contact data used by PRISMR to infer the SBS binding
domains of the HCT116 locus. Specifically, based on a systematic MD investigation of the model in
its two main thermodynamic phases, we found that the model conformations in the globule phase-
separated state provide an accurate fit of the experimental Hi-C contact matrix (r=0.88, r'=0.68),
which is, instead, only poorly captured by the coil state (Fig. 3.3c).
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Figure 3.3: The SBS model of the HCT116 locus has a phase transition from a coil to a globule phase-
separated state. a) The model phase transition from a coil to a more compact, phase-separated state is
signaled by a sharp drop of its order parameters, such as the gyration radius (top), the system binding energy
(middle) and the degree of spatial segregation along the chain as measured by the separation score (bottom).
In the case of the HCT116 model, the transition threshold concentration is around 50nmol/I. b) Extensive MD
simulations of the HCT116 model were performed in both the coil (e.g., c=0.03umol/l) and globule phase-
separated state (e.g., c=0.11umol/l) to derive in each of those phases a statistical ensemble of single-
molecule polymer conformations at thermodynamic equilibrium. c¢) The average pairwise contact matrix is
computed in both the coil (left) and globular (middle) states of the model and then compared against bulk
Hi-C data [117] (right) of the studied HCT116 locus. While the population-averaged contact matrix is
featureless in the coil phase, the one from the phase-separated state returns interaction patterns similar to
the experiment, as quantified by its comparatively higher correlations. Adapted from [38].

3.1.3 SBS model of the IMR90 locus and its coil-to-globule phase transition

In the IMR90 locus, based on Hi-C data from [88] (Fig. 3.1b), PRISMR returns a polymer model made
of 630 beads with seven distinct binding domains (Fig. 3.4a). As in the case of the HCT116 locus, we
systematically explored by MD simulations different binder affinities (in the range 0-8KgT) and
concentrations (from 0 to 0.02umol/l). The simultaneous sharp drop of the system order

46



parameters, such as the chain gyration radius (or, similarly, its binding energy) and the average
separation score, signals the phase transition of the system from the coil random state to a phase-
separated state in which the polymer, due to attractive interactions, forms more compact,
separated globules (Fig. 3.4b). For the considered weak energy affinities, the collapse of the order
parameters occurs at a characteristic threshold concentration, which is around 20nmol/I in the
IMR90 case (Fig. 3.4b). To check whether the SBS structures recapitulate the bulk Hi-C data [88] of
the locus, we derived by MD simulations an ensemble of equilibrium single-molecule conformations
of the model in both the coil and globule states and computed the corresponding average pairwise
contact matrices that we compared with the experiment (Fig. 3.4c). While in the coil phase, as
discussed before, average contact patterns are overall erased, in the phase-separated state the SBS
contact matrix mimics with high accuracy the specific contacts visible in Hi-C, as highlighted by its
high correlations with the data (r=0.94 and r’'=0.74, Fig. 3.4c). In the next Section 3.2, by performing
an all-against-all comparison between model and microscopy [21] 3D structures of the studied
IMR90 locus, we will show that the SBS conformations of the globule phase-separated state are
indeed a statistical bona-fide representation of the imaged chromatin single-cells.
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Figure 3.4: The SBS model of the HCT116 locus has a phase transition from a coil to a globule phase-
separated state. a) Genomic location and abundance of the inferred SBS model of the studied chr21:28-
30Mb locus in human IMR90 cells. The model has seven distinct types of binding sites, forming seven binding
domains that are visually represented by a different color. b) The model of the IMR90 locus undergoes a
thermodynamic phase transition from a coil to a phase-separated state as the number of binders (or their
energy affinity) grows above a threshold value. In correspondence of such a threshold, which is around
20nmol/lin the IMR90 case, the order parameters of the system, such as the gyration radius or the separation
score of the chain, have a sharp drop. c) The average pairwise contact matrix is computed in both the coil
(left) and globular phase-separated (middle) states of the model and then compared against bulk Hi-C
data [88] (right) of the studied IMR90 locus. We find that only the thermodynamic globular state of the theory
recapitulates experimental contact data, as quantified by its higher correlations. Adapted from [38].
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3.1.4 Epigenetics signatures of the binding domains of the SBS models of the studied loci

To gain insights into the molecular nature of the inferred model binding domains (Fig.s 3.2a, 3.4a),
which are responsible of folding, we correlated their genomic positions with a set of epigenetic
tracks available in the studied loci (Fig. 3.5). To this aim, we used Chip-seq data from [117] and from
the ENCODE database [141] and proceeded as detailed in [38]. Specifically, for each of the
considered loci, we first binned the epigenetic tracks at 30kb resolution (i.e., the resolution of the
employed Hi-C data) and then we computed a Pearson correlation coefficient between each pair of
binding domain-epigenetic mark. To test the statistical significance of the association, we compared
such correlations against a random control model [9] where the Pearson coefficients are computed
between chromatin marks and randomized binding domains derived by bootstrapping the positions
of their binding sites (we considered more than 100 different realizations for each case). Hence, we
considered significant positive correlations those above the 90" percentile of the control
distribution, negative correlations those below the 10™ percentile. Small changes in those
significance thresholds do not affect our results [9,38]. Finally, significant correlations are visually
represented as heatmaps (Fig. 3.5).

Interestingly, we found that the different model binding types (visually represented by different
colors) are each associated to a specific combination of known architecture organizing factors. For
instance, in HCT116 the first binding domain of the model (green, in Fig. 3.5a) has statistically
significant Pearson correlations with the CTCF/Smc1 (Cohesin) system, the second one (red) manly
correlates with active marks (e.g., H3K27ac and transcription factors) and less with Smc1, the third
(brown) with repressive marks (e.g., H3K27me3), while the fourth (blue) with H4K16ac and specific
transcription factors. Similar results are also found in the IMR90 locus (Fig. 3.5b), as each of the
model inferred binding domains has significant correlations with different, specific combinations of
chromatin architectural factors (rather than a single one), such as CTCF/Cohesin, H3K4me3 or
H3K4mel. Overall, those results support a picture where the 3D architecture of the genome is
spontaneously shaped by the combinatorial action of different molecules, modulating each other
activity [38].
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Figure 3.5: Epigenetic signature of the inferred SBS model binding domains. a) The binding domains of the
SBS model of the locus chr21:34.6-37.1Mb in human HCT116 cells (left) have statistically significant
correlations each with a specific combination of available chromatin epigenetic marks and architecture
factors [117] (right). The rightmost panel includes additional factors from the ENCODE database [141]
available in HCT116, but not in IMR90 cells. b) The binding domains of the SBS model of the locus chr21:28-
30Mb in human IMR90 cells are shown with their significant correlations with epigenetics factors [141]
(right). Adapted from [38].

3.2 All-against-all comparison of single-cell imaged and single-molecule model 3D

structures

We first asked whether the single-molecule 3D structures predicted by the SBS model are a bona-
fide representation of chromatin conformations in HCT116 and IMR90 loci. To that aim, we
performed an all-against-all structural comparison between single-cell imaged [21] and model
predicted 3D structures. We used a computational method [142] that performs a roto-translational
alignment between two centered 3D structures (derived, e.g., from experiments and models) by
minimizing the root mean square deviation (RMSD) of their coordinate positions (Fig. 3.6). Hence,
each microscopy conformation is univocally associated to a corresponding, best-matching model 3D
structure by searching for the least RMSD. To efficiently implement the structural comparison, we
used the object-oriented MDAnalysis Python library, which ensures a rapid calculation of RMSDs
and least-square rotation matrices using a quaternion-based characteristic polynomial [143].
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Figure 3.6: All-against-all structural comparison of single-cell imaged and model 3D structures via the
RMSD criterion. By using the least RMSD criterion, each 3D structure from imaging data is univocally
associated to a corresponding, best-matching 3D structure from the model. Adapted from [38].

In the HCT116 case, we found that all the best-matching model 3D structures of the experimental
conformations fall in the globule phase-separated state of the theory, i.e., no imaged structures are
optimally mapped onto model conformations of the coil state (Fig. 3.7a). That is consistent with our
previous results on average contact matrices, where only globule conformations of the SBS model,
instead of those in the coil phase, recapitulate bulk Hi-C data (see subsections 3.1.2). To test the
association is statistically significant, we compared the RMSD distribution of the experiment-model
optimal matches to a control distribution where RMSD is computed between random pairs of
experimental structures (null model): the two distributions are statistically different (Mann—
Whitney test p value = 0) with only 2% of entries of the former falling above the first quartile of the
latter (Fig. 3.7b, RMSD is in dimensionless units as a standard z-score is applied on both
experimental and model coordinates to have a fair comparison). Additionally, we also checked that
each model globule conformation is significantly associated to at least one structure from the
experiment, showing that the model well represents the ensemble of microscopy
conformations [38]. Finally, the experiment-model best-matching pairs identified via the RMSD
criterion indeed return similar 3D structures and interaction patterns, as shown in Fig. 3.7c.
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The association is statistically significant
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Figure 3.7: Experiment-model best RMSD structure match in the HCT116 locus. a) In the HCT116 case, all
imaged 3D structures from the experiment are optimally mapped onto model structures in the globule phase-
separated state. b) The mapping is statistically significant because the distribution of the optimal RMSD
experiment-model best matches is different from the null control model (p value=0, two-sided Mann-
Whitney test). c) Examples of least RMSD best matches between single-cell 3D structures from imaging data
(top) and model globule phase-separated 3D structures (bottom), along with their corresponding distance
matrices, in the HCT116 locus. Adapted from [38].

The analysis of the IMR90 locus provided same results (Fig. 3.8). Consistent with our other findings
on average contact maps (subsections 3.1.3), we found that 99% of experimental structures are
mapped onto SBS conformations of the globule state (Fig. 3.8a). The association is statistically
significant, as the RMSD distribution of the experiment-model best matches and the control RMSD
distribution of pairwise comparisons between experimental structures are statistically different
(Mann—Whitney test p value = 0) with only 2% of entries of the former falling above the first quartile
of the latter (3.8b). Also, each model conformation is significantly similar to at least one
experimental structure (examples of least RMSD best matches in Fig. 3.8c).
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The association is statistically significant
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Figure 3.8: Experiment-model best RMSD structure match in the IMR90 locus. a) In the IMR90 case, 99% of
imaged 3D structures is optimally mapped onto SBS model structures in the globule phase-separated state.
b) The association is significant because the distribution of the optimal RMSD experiment-model best
matches is statistically distinguishable from the null model (p value=0, two-sided Mann-Whitney test). c)
Examples of least RMSD best matches between single-cell 3D structures from imaging data (top) and globule
phase-separated model 3D structures (bottom), along with their corresponding distance matrices, in the
IMR90 locus. Adapted from [38].

Summarizing, based on a quantitative all-against-all structural comparison between experimental
and model single-molecules, we found that all 3D structures from imaging data are mapped onto
model conformations in the globule phase-separated state. Hence, the SBS model of the studied
loci provides a statistical bona-fide representation of chromatin structure in single-cells, as its
polymer conformations in the globule state well represent the experimental ensemble.

3.3 Model predicted 3D structures are validated against independent single-cell
imaging data

Once assessed that the phase-separated state of the model returns a statistically significant
description of chromatin single-cells, we systematically compared the structural features of its
predicted 3D conformations against those from imaging experiments [21]. Specifically, in this
Section, we show that the SBS polymer structures can recapitulate population-averaged distance
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data of the studied loci as well as finer, local properties of chromatin folding, such as the single-
molecule TAD boundary probability and strength or the degree of spatial segregation along the locus
as measured by the average separation score (subsection 3.3.1). Next, we demonstrate that our
ensemble of in-silico structures explores the same conformational space of the imaged
conformations, as they have the same degree of single-molecule structural variability (subsection
3.3.2). Finally, to further assess the significance of model predictions, we consider a control block-
copolymer model and show that, differently from the SBS, it returns only a poor description of
chromatin structure at the single-molecule level (subsection 3.3.3).

3.3.1 The model ensemble of phase-separated single-molecule conformations has features similar
to those found in single-cell imaging experiments

To perform a rigorous comparison against multiplexed FISH data [21], we first had to calibrate the
dimensionless length scale of the model, i.e., the bead diameter o, into physical units (e.g.,
nanometres). To this aim, we computed in both the imaging and SBS datasets the ensemble
distribution of gyration radius and estimated o by equating the median values of the model and
experimental distributions (Fig. 3.9). We found o =45 nm in the HCT116 and =60 nm in IMR90
model [38].
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Figure 3.9: Calibration of the model length scale into physical units. The model length scale, i.e., the bead
diameter, is converted into physical units by equating the medians of model and experimental gyration radius
distributions. a) Comparison between model and imaged gyration radius distribution in HCT116 (two-sided
Mann-Whitney p value =0.40). b) Same as in a) for IMR90 (two-sided Mann—Whitney p value = 0.68).
Adapted from [38].

As an initial validation of our model and of its Hi-C-inferred putative binding sites, we compared its
predicted median distance matrix in the globular state against imaging data of the studied loci (Fig.
3.10aq, b). In the HCT116 case, we found that the model and experimental median distance maps
are very similar (Fig. 3.10a), as quantified by the Pearson, r=0.95, and distance-corrected
correlation, r'=0.84, which are, interestingly, even higher than correlations with Hi-C data (see Fig.
3.3c). Same results are also found in the IMR90 locus (Fig. 3.10b), where, again, the correlations
between model and experiment, r=0.96 and r'=0.77, are higher than those with the corresponding
bulk Hi-C data used by PRISMR to infer the binding sites of the model (see Fig. 3.4c). Next, we
derived in our model a set of single-molecule local properties of chromatin folding that we
compared against the corresponding quantities from the experiment. For instance, we computed
the TAD-like boundary probability function, i.e., the probability for each genomic position to be the
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boundary of a single-cell TAD domain (Fig. 3.10c, d). As discussed above (subsection 1.4.2), that
function is nonzero across each of the considered genomic loci, revealing that domain boundaries
broadly vary from cell to cell as they have a finite probability of being located at any genomic
position, albeit preferentially at CTCF and cohesin binding sites [21] (Fig. 3.10c, d). We found that
our model accurately captures the experimental boundary probability function of both the HCT116
and IMR90 loci, as highlighted by the corresponding high Pearson correlation values (r=0.79 and
r=0.60, respectively). We also computed the separation score, which locally measures the level of
spatial segregation around each genomic position (see Fig. 1.11 for its technical definition), and
found again the predictions of the model to be very close to the experiments (Fig. 3.10e, f. Pearson
correlations r=0.85 and r=0.79, respectively, in HCT116 and IMR90).
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Figure 3.10: Model validation against independent single-cell imaging data. We perform a systematic
investigation of the structural features of the single-molecule conformations predicted by the model [38] to
test whether they match or not those observed in super-resolution single-cell experiments [21]. a) In the
considered 2.5Mb wide locus chr21:34.6-37.1Mb of human HCT116 cells, the model median distance matrix
in the globule separated state compares well against imaging data (Pearson and genomic-distance corrected
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correlations are, respectively, r=0.95 and r’' = 0.84). b) The model derived median distance matrix in the
globular state of the IMR90 model (chr21:28-30Mb) recapitulates the experiment as well (r=0.96, r'=0.77). c)
The probability of a domain boundary in 3D conformations along the HCT116 and d) IMR90 loci also match
(model-experiment correlation r=0.79 and r=0.60, respectively). e) The separation score function, which
guantifies the degree of spatial segregation around each genomic position (see Fig. 1.11 for its definition), is
similar in both model and imaged single-molecule conformations in the HCT116 locus (model-experiment
correlation r=0.85). f) Same as e) for the IMR90 locus (r=0.79). The location of ChIP-seq CTCF (orange circles)
and cohesin (RAD21, blue circles) sites [141], and the abundance of the model binding sites along the
considered loci (bottom, as in Fig.s 3.2a, 3.4a) are also shown. The vertical dotted lines help to better
compare the panels. Adapted from [38].

To further test the TAD boundary features predicted by the model, we averaged the boundary
probability function over all genomic positions of the studied loci. The experimental average
boundary probability is found to be close to 8% in both the HCT116 and IMR90 loci and, interestingly,
such a value is consistent, within the statistical errors, with the SBS predictions (Fig. 3.11a, b).
Additionally, for each identified TAD boundary we computed the boundary strength [21], which
describes how steeply is the change of the spatial distance across the considered boundary position.
The experimental and model distributions of boundary strengths turned out to be similar in both
the HCT116 (Fig. 3.11c) and IMR90 loci (Fig. 3.11d), as also their corresponding average values (Fig.
3.11e, f).
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Figure 3.11: Model and imaged single-molecule 3D structures have similar TAD boundary probabilities and
strengths. The average boundary probabilities match in super-resolution imaging experiments [21] and in
the models [38] of the studied loci in HCT116 (panel a)) and IMR90 cells (panel b)). Also, the boundary
strength distributions of the models in HCT116 (panel c)) and IMR90 (panel d)) are similar to the experiments,
as well as their corresponding average values (panel e) and f), respectively). Error bars shown here are the
standard errors. Adapted from [38].

Our SBS conformations recapitulate with high accuracy the many different boundary properties of
the imaged loci, yet no free parameters are available in all those comparisons. Consistent with the
experimentally reported chromatin segregation in globules at the single-cell level [21], the in-silico
structures have distance matrices with sharp, and highly varying, TAD boundaries that correspond,
as in the imaged structures, to spatially segregated globular 3D conformations in single-molecules
(Fig. 3.12). Taken together, our results show that the polymer globule phase-separated state of the
model returns single molecule structures with features consistent with those found in super-
resolution single-cell imaging experiments.
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Figure 3.12: The structures predicted by the model reflect the microscopy observed spatial segregation in
globules of the studied chromatin loci in single-cells. The model single molecules of the studied loci have
distance matrices with sharp, yet highly varying, TAD boundaries that correspond, consistent with
microscopy data [21], to spatially segregated globular structures in 3D space. Examples of best-matching
experiment-model structure pairs in a) HCT116 and b) IMR90. The matching is performed via the RMSD
criterion (see Section 3.2). Adapted from [38].

3.3.2 Thermodynamic degeneracy in polymer phase-separation explains cell-to-cell structural
variability

As a next step, we tested whether the variability of the model single-molecule conformations [38]
reflects the experimental structural variability of chromatin single-cells [21]. To this aim, the
variability of the imaged single-molecule structures is measured by the distribution of r’ correlations
between pairs of distance matrices and is compared to the variability of in-silico structures.
Specifically, we computed three distinct distributions (see summary scheme in Fig. 3.13a): (i) the
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distribution of r’ correlations between pairs of experimental and model single-molecule distance
matrices (referred in the following as exp.-model r’ distribution); (ii) the r’ correlation distribution
between all pairs of experimental single-cell distance matrices; (iii) the distribution of r’ correlations
between all pairs of model single-molecule distance matrices.

In the HCT116 locus, we found that the experiment-experiment r’ distribution is broad with a
nonzero average correlation r' =0.27 (Fig. 3.13b, blue histogram), signaling that the imaged single-
cell conformations have a significant degree of structural similarity, albeit they are broadly varying.
Notably, our model-model r’ distance correlation has a similar distribution (red histogram) and,
additionally, the distribution of correlations between microscopy and model single-molecule
distance matrices (average r'=0.22) is not statistically distinguishable from the one between
experiments (dark grey, two-sided Mann—Whitney p-value =0.19). As a control case (grey), we
computed the r’ correlation between pairs of experimental single-molecule distance matrices with
bootstrapped diagonals and found, as expected in randomized samples, a zero-peaked distribution
statistically different from the others (p-value =0). We also checked that similar results are found by
using the simple Pearson correlation, r [38].

We repeated all the above analyses in the IMR90 locus and found that the r’ correlation between
pairs of single-molecule distance matrices from imaging data has a broad distribution with an
average of 0.23 (Fig. 3.13c, blue histogram). It is similar to the distribution of r’ correlations between
model distance matrices (red histogram) and is statistically not distinguishable from the distribution
of correlations between single-molecule imaged and model distance matrices (dark grey, two-sided
Mann-Whitney p-value=0.02). As before, the r’ distribution of the control case (grey) is statistically
distinguishable from the distributions of correlations from both models and experiments (p-value =
0).

Single-cell 0.20
a = e b HCT116
) All-against-all r’ corr.| |, variability ) -
; /“\ = 2 3=
oy I (L B -4 4
PR Pair corr., r’ IC =0
comparison 0.00 == Cont
F -1.0 0.0 1.0
, @' IH\IH\ Pair correlation, r'
- c) 0%
- Pair corr., r’ >
MQd_MOd r;‘ggqrr. comparison =
-;-—t—.-b; ]| - 3 P Sg’_
CRZNET VS, 45 ) i
0 LEL’
0.00
Pair corr., r’ -1.0 0.0 1.0

Pair correlation, r'

Figure 3.13: Structural variability of single-cell imaged and model-predicted 3D structures. a) To have a
guantitative measure of structural variability, we computed the genomic-distance corrected Pearson
correlation, r’, between all pairs of experimental distance matrices (Exp-Exp r’ corr.), all pairs of experimental
and model distance matrices (Exp-Mod) and all pairs of model distance matrices (Mod-Mod). b) In the
HCT116 locus, the r’ distribution between pairs of imaged structures (blue, average r’' =0.27) is broad and
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statistically not distinguishable from the r’ distribution between imaged and model distance matrices (dark
gray, two-sided Mann—Whitney p value = 0.19). The model-model r’ distribution is in red and in gray a control
where r’ is computed between pairs of randomized distance matrices. c) In IMR90, the Exp-Exp. r’ distribution
(blue) is broad too and has an average of 0.23. It is statistically not distinguishable from the distribution of
correlations between single-molecule imaged and model distance matrices (dark grey, two-sided Mann-
Whitney p-value=0.02). The model-model correlation is in red and in grey a random control. Adapted
from [38].

Those results show that the 3D structures predicted by our model have the same degree of
variability as measured in single-cell experiments, to the point that single-molecules from the model
are statistically indistinguishable from experimental single-cell structures. Based on the systematic,
guantitative agreement between model predictions and experimental evidence, we can try to
explain from a theoretical point of view the origin of the microscopy reported single-cell variability.
To this aim, we can consider, as a simplified example, two different single-molecule conformations
predicted by the model in the HCT116 case (Fig. 3.14): the first structure has a distance matrix with
two asymmetrical TAD-like domains (the upstream domain is larger than the downstream one),
which correspond to two asymmetrical globules in 3D space; the second structure forms, instead,
two more symmetrical domains and globules. We can thus speculate on why those polymer
structures are different. In the considered example, the structural diversity mainly results from the
green binding domain of the model (Fig. 3.14), as in the first structure this domain is proximal to the
upstream red and yellow ones, while in the other case it is bridged to the downstream blue domain.
This occurs because the green binding domain of the model, although locally enriched, is also spread
along regions of the polymer sequence that overlap with the other domains (e.g., the yellow or the
blue). For that reason, the model does not fold in a single, naive state, as in protein folding, but in a
much broad set of possible structures.
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Structure 1 A

Model binding sites
A local main binding domain
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Figure 3.14: Origin of the single-molecule structural variability. Within the SBS framework, the broad
variability of single-molecule 3D globular structures, reflected in distance matrices with varying locations of
TAD-like domain boundaries, naturally results from the intrinsic folding degeneracy of the phase-separated
conformations, enhanced by the overlapping genomic organization of the different binding domains.
Adapted from [38].

The overlapping genomic distribution of the model binding sites increases the intrinsic degeneracy
of the system microstates, which can fold in a multiplicity of phase-separated 3D conformations.
The overall agreement between single-cell imaging data and the independently derived model
conformations supports the view whereby, in the studied HCT116 and IMR90 loci, chromatin folding
is explained at the single-cell level by a thermodynamics mechanism of globule phase-separation,
driven by the interactions of a few different types of binding sites, non-trivially arranged along the
genome and each associated to specific combinations of chromatin organizing factors, including,
but not limited to, CTCF and cohesin (see, e.g., Fig. 3.5). The intrinsic thermodynamic degeneracy of
the globule phase-separated state, enhanced by the overlapping genomic organization of the model
binding domains, manifests in a broad variety of single-molecule conformations, reflected in the
variability of TAD-like contact patterns, consistent with single-cell imaging data.

3.3.3 A control block-copolymer model poorly reflects the complexity of single-cell imaged
structures.

As a comparison with our SBS model, we considered a control block-copolymer model designed
specifically to reproduce the four main TAD-like structures visible in bulk Hi-C data of the HCT116
cell locus (Fig. 3.15a). The block-copolymer, by construction, has the same number of degrees of
freedom of our SBS model, i.e., the same number of binding site types (colors) and beads, yet with
no intertwining (i.e., overlap) between them. By running massive MD simulations to derive an
ensemble of equilibrium polymer conformations in the phase-separated state, we used such a
model as a control where to repeat all our single-molecule analyses.

First, as expected by construction, we found that the block-copolymer distance matrix returns the
main TAD structures of the considered locus, albeit inter- and intra-TAD signals, which are confirmed
by both Hi-C and super-resolution microscopy, are not captured by the model (Fig. 3.15b). In fact,
its correlation with the experimental median distance map is r'=0.54, which is lower than the SBS
value (r'=0.84). Thus, the overlapping nature of the binding sites in our SBS model is crucial to
explain important experimental evidence, such as inter-TAD interactions and higher-order contacts,
missed by the control model. Similarly, the boundary probability of the block-copolymer
recapitulates the genomic location of the main TAD boundary peaks (Fig. 3.15c), yet the data are
overall less well described by the control (correlation r=0.47) than by our model (r=0.79). For
instance, the peaks of the control model are four times higher than those from imaging and from
our model, showing that the separation of the globules in the block-copolymer is much stronger
than in real data and in the SBS model. Finally, we investigated the structural variability of the
control by computing the all-against-all r’ correlation distribution between pairs of model single-
molecule distance matrices that we compared against the corresponding distribution from the
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experiment (Fig. 3.15d). We found, again, that the control model provides a poorer fit of the
experimental distribution than our SBS model. In particular, the average value of r’ in the block-
copolymer model is 33% higher than in the experiment, showing that in the former there is a lower
degree of conformational variability.

As a result, a control block-copolymer model with four non-intertwining binding domains, which are
specifically designed to mimic the main TAD-like structures visible at the population-averaged level,
only poorly reflects the complexity of the observed imaged single-cell conformations and their cell-
to-cell structural variability.
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Figure 3.15: A control block-copolymer model provides a poorer description of imaging data. a) Cartoon
representing the linear arrangements of the different binding site types (colors) of the control block-
copolymer model of the HCT116 locus. b) The median distance matrix is shown (left) of the considered locus
in HCT116 cells [21]. The SBS model (middle) well explains those data, as quantified by its high distance-
corrected Pearson correlation (r'=0.84). Conversely, the control block-copolymer model (right) less well
captures the complexity of the observed contact patterns (r'=0.54). ¢) The boundary probability of the control
block-copolymer (green) also returns a worse fit of real data (blue) than the SBS model (red). For instance,
the control model peaks are four times higher than those from microscopy and from the SBS model, showing
that globule separation is sharper in the control than in the SBS model. d) The distribution of r’ correlations
between pairs of distance matrices from the SBS model (red) is closer to the experimental one (blue) than
the block-copolymer model (green). The average value of r’ in the experimental data (r'=0.3) is approximately
equal to the SBS value, whereas in the control model it is 33% higher. Adapted from [38].

3.4 Cohesin depletion reverses phase separation into the coil state in most single-
cells

In this Section, we investigate how acute cohesin depletion impacts single-molecule chromatin
conformations. To this aim, we considered the same locus chr21:34.6—-37.1Mb in HCT116 Auxin
treated (HCT116+Auxin) cells, where again both Hi-C [117] and independent imaging data [21] are
available. The Hi-C map of the cohesin depleted cells lacks the TAD-like structures of the wild type
(WT) locus and retains only a faint pattern of interactions [117] (Fig. 3.16a). Similarly, the flat
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domain boundary probability and separation score in HCT116+Auxin cells reflect the absence of
those contact domains at the population-averaged level [21] (Fig. 3.16a). Albeit TADs and sub-TADs
are abolished in bulk data, recent super-resolution microscopy data [21] revealed that contact
patterns persist in single cells even after cohesin depletion and they are highly variable from cell-to-
cell (Fig. 3.11b, see also Section 1.4.3). As cohesin has a key role in establishing chromatin
architecture [117-119], those diverse results raise questions on the nature of those observed single-
cell contact patterns, as well as on the molecular mechanisms underlying their formation. Here,
based on the results published in [38], we show that a physical mechanism of polymer phase
separation, as envisaged by the SBS model, is consistent with both Hi-C and independent single-cell
imaging data in HCT116+Auxin cells. In particular, as fully detailed below (subsections 3.4.1 and
3.4.2), our results depict a scenario where acute cohesin depletion tends to reverse globule phase
separation into the coil (i.e., randomly folded) state in most cells, hence explaining why TAD-like
domains are erased at the population-averaged level, whereas much more variable and transient
contact patterns are found in single molecules.
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Figure 3.16: Cohesin depletion erases TAD-like structures at the ensemble-averaged level, yet contact
patterns remain in single-cells. a) Top: Bulk Hi-C contact data [117] of the locus chr21:34.6-37.1Mb in
HCT116 Auxin treated (HCT116+Auxin) cells. Experimental resolution is 30kb. Middle: The boundary
probability function [21] of the HCT116+Auxin locus is uniformly spread across the genomic coordinates,
consistently with the absence of relevant TAD-like features in Hi-C data. Bottom: The separation score is flat
as well in HCT116+Auxin cells. b) Differently from bulk data, single-cell imaged distance matrices [21] have
specific, highly variable contact patterns. Adapted from [38].

3.4.1 SBS model of the HCT116+Auxin locus

We inferred, as before (see Section 3.1), the new SBS polymer binding sites from Hi-C data in
HCT116+Auxin cells (Fig. 3.16a) [117] and then derived by MD simulations an equilibrium ensemble
of model 3D conformations to compare with imaging data available in the same cell type upon
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cohesin depletion [21]. Interestingly, in this case our procedure returned only three types of specific
binding sites in the locus (Fig. 3.17). In fact, the domain strongly correlated with cohesin in WT
HCT116 cells (green domain in Fig. 3.2a) now disappears, whereas the other WT domains, although
weakened and shrunk, are overall maintained at their genomic locations and their epigenetic
signatures partially preserved (see Fig.s 3.2a, 3.17a). On the one hand, such finding further supports
the epigenetic significance of the SBS binding sites, as the WT and cohesin depleted polymer models
mainly differ for one specific binding domain, which is, consistently, the one mostly associated to
cohesin signals (e.g., to RAD21 and SMC); on the other hand, it ensures that similar results would
have been obtained by following a different strategy, that is removing the green binding domain in
WT HCT116 cells and then run MD simulations of the new three-color model without prior PRISMR
training on HCT116+Auxin bulk data, hence highlighting the generality of our approach.
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Figure 3.17: SBS model of the locus in HCT116+Auxin cells and epigenetic signature of its inferred binding
domains. The model of the HCT116 locus in cohesin depleted cells (left) has three distinct binding domains,
each correlated with a specific combination of epigenetic marks (right). The inferred binding sites are similar
to those of the HCT116 case (see Fig. 3.2a), except for the WT green domain, which is strongly correlated
with the cohesin complex and consistently disappears in the HCT116+Auxin model. Adapted from [38].

As in the WT case, the HCT116+Auxin polymer model also undergoes a thermodynamic phase
transition from a coil to a globule phase-separated state, yet at higher binder concentrations, e.g.,
around 500 nmol/I, if the same energy affinities of the WT HCT116 case study model are used (Fig.
3.18a). By running MD simulations, we derived a population of equilibrium 3D conformations in the
coil and globule states and in each of them we computed the average pairwise contact matrix of the
model to be compared with Hi-C data. However, the contact maps computed in the pure states of
the theory (e.g., in the pure coil or phase-separated globule) do not return the optimal correlations
with the experiment, as we found that a mixture of coil and globule states is required to best explain
Hi-C data [38]. For instance, the Pearson, r, and genomic-distance corrected correlation, r’, between
model and experimental contact maps are, respectively, r=0.59 and r'=0.16 in the pure globule state
(Fig. 3.18, coil fraction=0%); in the coil state we observe a markedly higher Pearson value, r=0.95,
but a poorer r’ correlation, r'=0.02 (Fig. 3.18, coil fraction=100%). We thus considered a population
mixture of polymer structures, composed of a fraction, f, of coil states and of 1-f globule
conformations, and repeated for each case the computation of the contact matrix. We found that
an ensemble composed 80% of single-molecule conformations in the coil and 20% in the globule
state best recapitulates Hi-C data, as it maximizes the r’ correlation between model and experiment
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(r'=0.33) by keeping, additionally, a high Pearson coefficient value (r=0.96, see the grey dotted line
in Fig. 3.18b). As the mixture is mainly composed of coil, i.e., randomly folded, states, the average
contact map of the model is featureless and lacks the WT relevant TAD-like structure as in real Hi-C
data (Fig. 3.18c). In the next subsection, we will validate the model at the single-molecule level
against independent imaging data and will derive more formally the 80-20% coil-globule mixture,
identified here based on empiric considerations (i.e., the comparison between model and Hi-C
contact matrices), by using the RMSD structural criterion as in Section 3.2.
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Figure 3.18: A mixture of coil and globule conformations is required to best explains bulk Hi-C data in
cohesin depleted cells. a) The SBS model of the locus chr21:34.6Mb-37.1Mb in HCT116+Auxin cells is
thermalized to equilibrium at different concentrations of the binders. The same energy affinities for specific
and unspecific binding sites of the WT HCT116 model are used (see Section 3.1). The model undergoes a
phase transition from a coil to a globule phase separated state, marked by a sharp decrease of its order
parameters, such as the chain gyration radius (top) and separation score (bottom). b) The best agreement
between model and experimental average contact maps is found by taking a population mixture of polymer
structures composed 80% of single-molecule conformations in the coil and 20% in the globule state. c) The
contact matrix of the model mixture compares well against real data [117], as quantified by its high
correlation values. Adapted from [38].

3.4.2 Model validation against independent single-cell imaging data in cohesin depleted cells

To further assess the significance of the previous model mixture, we performed an independent all-
against-all structural comparison whereby each 3D structure from imaging data [21] is univocally
associated by the least RSMD criterion (Section 3.2) to a corresponding, best-matching model 3D
structure in the coil or phase-separated globule state. Consistent with our results on average contact
maps, we found that 80% experimental structures from microscopy data optimally map onto model
conformations in the coil and 20% in the globule state (Fig. 3.19a) in a statistically significant
association (Fig. 3.19b). The distance matrix of single molecules has non-trivial patterns in both
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states, but in the coil state (Fig. 3.19b, left) contacts originate from random collisions rather than
stable phase separated globule domains (Fig. 3.19b, right). Overall, the identified best match pairs
have very similar distance matrices and 3D conformations (Fig. 3.19b).

The association is statistically significant
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Figure 3.19: The model mixture in HCT116+Auxin cells is confirmed by the RMSD all-against-all single-
molecule structural comparison. a) In the HCT116+Auxin case, 80% of imaged 3D structures is optimally
mapped via the RMSD criterion onto SBS model structures in the thermodynamic coil phase and 20% in the
globule phase-separated state. b) The association is significant because the distribution of the optimal RMSD
experiment-model best matches is statistically distinguishable from a null model made of random pairs of
imaged structures (p value=0, two-sided Mann-Whitney test). c) Examples of best-matching experiment-
model pairs. The 3D conformations of the model mixture include globular states as in WT (right), but 80% of
single-molecules are in the coil state (left) whose contact patterns reflect more transient, random chromatin
collisions rather than stably folded contacts as in WT. Adapted from [38].

Next, we compared the single-molecule predictions of our model mixture against independent
microscopy data (Fig. 3.20). As a first validation, we focused on the experimental median distance
map of the locus (Fig. 3.20a, top), which is as featureless as the corresponding Hi-C data. We found
that the median distance matrix predicted by the model (Fig. 3.20a, bottom) compares well against
imaging data: the Pearson and genomic-distance corrected correlations are, respectively, r=0.96
and r'=0.57, even higher than those with Hi-C data (Fig. 3.18c). Consistent with a scenario where
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cohesin depletion promotes more random and fleeting interactions, the boundary probability is flat
along the locus in both model and experiment (Fig. 3.20b, r=0.19), as well as the average separation
score (Fig. 3.20c, r=0.41). Conversely, as consistently predict by our model, the average boundary
probability and strength are similar to their corresponding WT values (compare, e.g., Fig. 3.20d with
Fig. 3.11a, e). We also checked that the boundary strength distribution of the model is similar to the
experimental one (Fig. 3.20e), as much as the ensemble gyration radius distribution (Fig. 3.20f, two-
sided Mann—Whitney p value =0.10), whose average value is 23% larger than in the WT case
(540 nm vs. 440 nm), showing that the locus is indeed more open upon cohesin depletion. Finally,
as done in subsection 3.3.2, we measured the structural variability of single-molecule conformations
by computing in both model and experiment the all-against-all r’ correlation distribution between
pairs of distance matrices (Fig. 3.20g). Notably, we found that the imaged single-cell 3D
conformations have a higher variability than WT ones, as the average r’ value between pairs of
distance matrices is r' = 0.0 (whereas the WT value is r'=0.27) and its distribution is broader (blue
histogram in Fig. 3.20g). The model single-molecule conformations, which mostly fold in random
states, have also a high variability and they have an r’ correlation distribution with imaged distance
matrices (dark grey, average r’'=0.0), and with each other (red, average r'=0.0), statistically similar
to the one between experiment pairs (two-sided Mann-Whitney p value = 0.48).
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Figure 3.20: The SBS model of the HCT116+Auxin locus is consistently validated against independent super-
resolution single-cell imaging data. a) The comparison of our model prediction on the median distance
matrix against the independent imaging data [21] gives high correlations (r=0.96, r'=0.57). A mixture of
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model 3D conformation is required, however, 80% in the coil and 20% in the globule state. b) Consistent with
the data, the boundary probability of the model (r=0.19) and c) its separation score (r=0.41) are flat along
the locus, reflecting the absence of TAD-like domains in the median matrices. Bottom: the model has three
distinct binding domains, as the cohesin-correlated WT domain (green domain in Fig. 3.2a) now disappears.
d) The average boundary probability (left) and the average boundary strength (right) of the model return
values that are consistent with the experiment (error bars shown are standard errors). e) Also, the
distribution of boundary strengths in HCT116+Auxin cells is similar in both model and experiment. f) The
gyration radius distributions are not distinguishable too (two-sided Mann—Whitney p value = 0.10) and have
a higher average value than wild-type (540 nm vs. 440 nm of Fig. 3.9a), consistent with our interpretation
that cohesin depletion tends to form in single-cells more fleeting, and thus more open, contact structures. g)
The distribution of genomic-distance corrected, r’, correlations between single-cell imaged distance matrices
(blue) is broader than in WT (compare with Fig. 3.13b) and its average is r' = 0.0 (significantly lower than WT
average r'=0.27), revealing a higher cell-to-cell structural variability upon cohesin depletion. It is similar to
the correlations between model distance matrices (red) and statistically not distinguishable from the
distribution of r’ correlations between experimental and model distance matrices (dark gray, two-sided
Mann—Whitney p value = 0.48). Adapted from [38].

The systematic agreement between model and independent microscopy data in the HCT116+Auxin
case supports a scenario where, consistent with the known role of cohesin as a key architecture
organizing factor, cohesin depletion reverses phase separation in most cells as their corresponding
model single-molecule structures are mainly in the coil rather than in the globule state, contrary to
the WT HCT116 case. We also note that those findings are consistent with important, recent
experimental evidence in the yeast genome, where the cohesin complex is observed to phase-
separate with DNA into liquid droplets by ATP-independent DNA bridging [144]. In this sense, the
depletion of cohesin hinders bridging-induced chromatin phase-separation, hence producing, in
agreement with microscopy data [21] and model predictions, more open and variable structures
that tend to form mostly random and transient interactions.

Summarizing, the emerging scenario shows that in WT cells (e.g, the HCT116 and IMR90 loci)
chromatin folds mostly in the globule phase-separated state, whose inherent thermodynamics
structural degeneracy is manifested in the varying genomic positions of TAD-like patterns across
single-molecules (Fig. 3.21a). Conversely, in cohesin depleted cells, globule phase separation is
reversed into the coil state in most cells, producing much more variable and transient contact
patterns in single-molecules (Fig. 3.21b), abolishing therefore population-averaged TAD-like
domains. Taken together, our results indicate that, in the studied loci, chromatin folding is driven at
the single-molecule level by such a mechanism of polymer phase separation. However, other
molecular physical processes (such as active loop-extrusion) are likely to play a role and they could
compete, contribute, or co-exist with thermodynamic phase-separation in shaping chromatin
architecture.
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Figure 3.21: Thermodynamic polymer phase-separation explains chromatin structure across single-cells. In
the SBS model, according to the abundance or affinity of binding molecules, the polymer folds in
conformational classes corresponding to the thermodynamics phases of the system, e.g., the coil and the
phase separated globule state. Those thermodynamics states recapitulate single-cell architecture data of the
studied loci. a) The globule phase-separated state, for example, produces local, spatially segregated compact
environments where specific contacts are highly enhanced between polymer regions enriched for cognate
binding sites. The intrinsic thermodynamic degeneracy of conformations results in a variety of single-
molecule 3D structures, reflected in the variability of the genomic position of TAD-like patterns, consistent
with imaging data [21] of loci in human HCT116 and IMR90 cells. b) Cohesin depletion, as in HCT116+Auxin
cells, tends to reverse globule phase-separation into the coil state in most cells, abolishing patterns in bulk
Hi-C data and resulting in much more variable and fleeting contacts in single-molecules. Adapted from [38].

3.5 Steady-state time dynamics of single-molecule polymer conformations

Next, we explored the steady state time dynamics of our in-silico structures, particularly how the
spatial conformations of single DNA molecules change in time and how specific patterns of contact
or insulation are established. Although a rigorous, full test of our model results would require
experiments following in time entire chromatin loci (e.g., super-resolution live-cell microscopy),
which, however, are not available at least in the studied loci, we performed in [38] an initial
validation of the model time behavior by comparing its predictions against single-cell imaging
data [21]. We discuss in this Section the major findings of our single-molecule time dynamics
analysis, fully reported in the paper [38], showing how globule phase-separation can either establish
contact specificity or spatial insulation between chromatin regions in the stochastic nuclear
environment.

First, we investigated how the equilibrium single-molecule conformations of the model behave in
time in its two main thermodynamic phases. To this aim, we studied at different time-points the
steady-state distance maps and corresponding 3D structures of single polymer molecules,
respectively, in the coil state of the HCT116+Auxin model and in the globule phase-separated state
of the HCT116 model. Albeit the model 3D structures vary in time due to thermal fluctuations in
both states of the theory, important differences mark the two phases (Fig. 3.22a-d). In the coil state,
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the contact patterns visible in the distance matrix of a single molecule are highly transient and
fleeting, as they mainly result from random polymer-to-polymer collisions, and suddenly change in
time (Fig. 3.22a, top). Consistently, the average r' self-correlation function (i.e., the population-
averaged r’ correlation computed between steady-state single-molecule distance matrices at
different lag times) approaches zero at long times (Fig. 3.22b), in agreement with the ensemble
distribution of r’ correlation between different replicates (see Fig. 3.20g). In the phase-separated
state, the single-molecule distance matrix also varies in time and the 3D structure breathes and
rearranges due to thermal effects (Fig. 3.22c, top); however, the long-time average r' self-
correlation remains well above zero (Fig. 3.22d, in the HCT116 model it plateaus to 0.39), again
consistent with the average non-zero correlation between replicates (Fig. 3.13b), showing that the
folded globules change, yet they persist in time (Fig. 3.22c, top). Consistent with such a picture, the
conformation average de-correlation time, defined as the lag time where the average r' self-
correlation has spanned 95% of its total variation range, is almost one order of magnitude larger in
the globule state than in the coil state; its scale can be roughly guessed by using estimates of the
viscosity of the nuclear medium reported in the literature (which are around 0.03P) [46,145]: for
example, it results to be 9s and 60s respectively in the coil state of the HCT116+Auxin and in the
phase-separated state of the HCT116 model (Fig. 3.22b, d).

Then, we asked how globule formation establishes, in the face of a varying environment, domain
boundaries and specific contact loops at the single-molecule level. To that aim, we investigated the
relative spatial distances of specific pairs of sites: (i) a pair of sites (orange in Fig. 3.22), located
1.2 Mb apart from each other in different sub-TADs, having in HCT116 cells a strong point-wise
(loop) interaction in the median distance matrix; (ii) a pair of 0.6 Mb distant sites (green) separated
by a strong TAD boundary in between; (iii) a control pair of sites (brown), almost 0.6 Mb apart,
enclosed within the same sub-TAD. The coordinates of the considered pairs are: 34.69-35.80 Mb
(orange), 35.59-36.25 Mb (green), 36.43—-36.91 Mb (brown). In the HCT116+Auxin model, where
molecules are mostly folded in the coil state, the average physical distances of the green and brown
pair are comparable to each other (around 620 nm; Fig. 3.22a, bottom), while the orange sites are
more separated (average distance 660 nm; Fig. 3.22a, bottom) simply because of their larger
genomic separation. The HCT116+Auxin model distance distributions of, e.g., the orange and green
pairs (Fig. 3.22e, in pink) are comparatively broad and similar to their corresponding experimental
distributions (Fig. 3.22f, pink). Conversely, in the phase-separated state of the HCT116 model the
average distance of the orange and brown pairs is reduced of factor 2.5 down to around 280 nm
(Fig. 3.22c, bottom). In fact, the orange pair (or, similarly, the brown) is located within polymer
regions enriched with cognate binding sites, which are highly likely to be bridged in the globule
compact environment, thus resulting in a strong loop visible in bulk data. The green sites, by
contrast, tend to be trapped each in a different globule and for that reason their relative distance
broadly fluctuates in time around the coil-state distance values (more than 600nm; Fig. 3.22c,
bottom). Those examples demonstrate how globules can form, respectively, specific contacts
between chromatin sites (see, e.g, the orange and brown pairs) or insulating boundaries between
them (see, e.g., the green pair) in the highly stochastic nuclear environment. As expected, the
ensemble distance distribution of the orange (as well as the brown) pair is much narrower in the
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HCT116 than in HCT116+Auxin case in both model (Fig. 3.22e, left, grey) and experiment (Fig. 3.22f,
left, grey), whereas the model and microscopy distributions of the green pair are similar in both cell
types (compare right panels of Fig. 3.22e and Fig. 3.22f). Considering the basic character of the
model, its predicted distributions are comparatively close to the experimental ones, albeit no free
parameters are available in all the above comparisons (Fig. 3.22e, f).
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Figure 3.22: Single-molecule time dynamics. a) Steady state time behaviour of a single-molecule coil
conformation in the model of the chr21:34.6—37.1Mb locus in cohesin depleted (HCT116+Auxin) cells. Top:
Time course of a single-molecule distance matrix in the coil state of the theory: contact patterns are random
and transient, and they fully change in time. Bottom: The relative distances of specific pairs of sites (see text)
have all wide fluctuations in the coil state, as contacts are fleeting. b) Average r’ self-correlation in the coil
state of the HCT116+Auxin model. The long-time self-correlation value approaches zero, consistent with the
ensemble correlation analysis (see Fig. 3.20g). Superimposed is a stretched exponential fit. c) Steady state
time behaviour of a single-molecule phase-separated conformation in the model of the chr21:34.6—-37.1Mb
locus in wild type (HCT116) cells. Top: The interaction patterns visible in the distance matrix show that
globules vary, yet they persist in time. Bottom: Time tracks of the relative distances of specific site pairs (see
text). Specific contacts are enhanced between pairs sharing abundant cognate binding sites (orange and
brown), whereas pairs in different globules remain insulated, hence forming a boundary (green). d) Average
r’ self-correlation in the phase-separated state of the HCT116 model. Its nonzero long-time value (close to
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0.39) is consistent with our previous correlation analysis between replicates (see Fig. 3.13b). Superimposed
is a stretched exponential fit. e) Left: Model derived distance distributions of the considered orange pair in
the HCT116 model (grey) and in the HCT116+Auxin model (pink). The orange pair is on average much closer
and its distance distribution much narrower in the HCT116 than in the HCT116+ Auxin model. Right: The
model distance distributions of the green pair are similar in both HCT116 and HCT116+Auxin. e) Experimental
counterpart of the distance distributions shown in panel e). The agreement between model and microscopy
distance data further supports the view that chromatin folds in different thermodynamics states in WT and
cohesin depleted cells. Adapted from [38].

To summarize, single-molecule contacts in the coil state are random and transient, as binders
establish only fleeting interactions that are promptly overwhelmed by thermal fluctuations (Fig.
3.23a). That results in broad distance distributions between site pairs and average time self-
correlations rapidly decaying to zero. Conversely, in the globule phase-separated state, because of
the abundance of cognate binding sites, self-interacting globules vary, yet they persist in time (Fig.
3.23b). That enhances specific local contacts between site pairs within the globule compact
environment and produces persistent, yet stochastically varying, “memory” conformations
reflected in nonzero long-time average self-correlations.
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Figure 3.23: Summary cartoon of the model time structural variability. a) In the coil state of the model, the
polymer is subject to random and highly transient interactions that result in open randomly folded
conformations where the relative distances between sites pairs broadly fluctuate in time around high average
values. b) In the phase-separated state of the model, different binding sites self-assemble by action of their
cognate binders to form more compact and stable globules, where specific contacts are highly favored over
stochastic encounters. Adapted from [38].

Overall, our analysis of the time dynamics of single molecules illustrates the diverse modes of action
of globules in shaping specific spatial interactions or insulation between distal chromatin sites.
While segregating neighboring regions along the sequence (see, e.g., the green pair), they can create
stable, local compact environments where specific contacts (e.g., the loops of the brown and orange
pairs) are boosted between regions sharing abundant cognate binding sites. That exemplifies how
stochasticity of DNA interactions, typical of weak biochemical affinities, can coexist with contact
specificity in the varying nuclear environment.
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4. An in-silico experiment: benchmarking sequencing-based technologies
via polymer physics modeling

In this final Chapter, we discuss how models from polymer physics can be used to assess advantages
and limitations of benchmarked experimental methods for determination of chromosomal
structure. We focus, in particular, on three powerful and popular sequencing-based approaches,
i.e., Hi-C [13,88], SPRITE [14] and GAM [15], which have been used to probe chromatin interactions
genome wide, unveiling the complex 3D organization of mammalian genomes that includes, for
example, DNA loops, TADs, higher-order structures (such as metaTADs), and A/B compartments (see
Section 1.3). Differently, e.g., from multiplexed FISH experiments, which allow directly visualizing
genomes under the microscope, the three technologies, albeit technically different, detect in a
population of cells, or in single cells, the frequency at which pairs of DNA loci (or also multiple loci)
interact with each other. Those measured frequencies result in genome interaction maps, which can
be taken as a proxy of the studied chromatin conformations [89]. However, it remains unclear to
what extent those technologies are faithful to the underlying genome 3D structure and, importantly,
how they perform relative to each other in different applications, as they provide distinct measures
of interactions and no benchmark exists. For instance, is GAM or SPRITE as faithful to genome
structure as Hi-C? How many cells are required to ensure the statistical reproducibility of
experimental outcomes? How is data quality affected by the detection efficiency? Which method is
more suited to capture interactions at large genomic distances? To answer those questions, in our
published work [40] we devised a computational experiment where we implemented in-silico those
distinct three methods on an ensemble of known 3D polymer structures from validated SBS models
of real chromosomal loci, thus building a simplified, yet fully controlled, framework where to analyze
their outputs. Here, we summarize the main results of the study, which is fully reported and detailed
in the original publication [40]. Specifically, in the Section 4.1 of this Chapter, we validate our
approach by showing that the population-averaged in-silico Hi-C, SPRITE and GAM data significantly
match their corresponding experiments. Such a consistent agreement ensures that our polymer
models can be successfully employed to compare in-silico the performance of the three
technologies. In Section 4.2, we investigate the behavior of the simulated Hi-C, GAM and SPRITE
with respect to key experimental parameters, such as the detection efficiency, genomic separation
and cell numbers. For instance, while all three methods comparatively well reproduce the reference
model 3D structures, we found that the minimal number of cells required to return statistically
similar contacts is different across the technologies, being lowest in SPRITE and highest in GAM
under the same conditions. Similarly, noise-to-signal level in contact matrices increases as a power
law by decreasing the efficiency and it varies with genomic distance differently in the different cases,
with GAM being the least affected by noise at larger genomic separations (>1Mb). Overall, by
combining polymer physics and computer simulations, our analyses provide a quantitative
benchmark to assess how well different experimental methods represent the 3D structure of the
genome and to test their relative performance in different conditions.

The reader can find an outline of the experimental Hi-C, SPRITE and GAM protocols in the
introductory Chapter 1 (see Section 1.2). The in-silico versions of those technologies are designed
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to mimic each step performed in the corresponding, real experiments. Their technical
implementation is extensively discussed in the paper [40] and, for brevity, is not reported also here.
The algorithms that we developed for simulations of in-silico Hi-C, SPRITE and GAM are published
in [40] and deposited at the link: https://github.com/fmusella/In-silico Hi-C GAM SPRITE. All the
material of this Chapter is taken or adapted from [40].

4.1 In-silico Hi-C, SPRITE and GAM significantly reproduce independent
experimental data

In the paper [40], we considered the SBS models of a set of different loci across different cell types,
such as the 6Mb wide genomic regions around the Sox9 (chr11:109-115Mb, mm9) and HoxD
(chr2:71-78Mb) genes in mouse embryonic stem cells (mESCs) [25,36] and around the Epha4 gene
in mouse CHLX-12 cells (chr1:73-79Mb) [9], as well as the 2.5Mb locus in human HCT116 cells [38]
investigated in recent microscopy experiments [21] (the same discussed in Chapter 3). Those loci
are particularly interesting because, for example, related to pathogenic structural variants inducing
gene misexpression (Sox9 and Epha4) [6,9,10] or establishing tissue-specific regulatory 3D
architectures during differentiation (e.g., HoxD) [137,146]. In this Section, we first describe the
computational approach developed to compare in-silico Hi-C, SPRITE and GAM (subsection 4.1.1).
Then, we validate our in-silico contact data against known polymer 3D structures at both the
population-averaged (subsection 4.1.2) and single-cell level (subsection 4.1.3). For brevity, we take
in the following Sox9 as main case study, yet our conclusions remain unchanged also for the other
mentioned loci, as extensively shown in [40].

4.1.1. Our approach for comparing in-silico the Hi-C, SPRITE and GAM technologies

The model of the Sox9 locus [25], i.e., the optimal genomic locations of its binding sites, is inferred
via the PRISMR algorithm [9] (Section 2.2) based on available 40kb resolution Hi-C data from [16].
Next, by extensive MD simulations, an ensemble of single-molecule 3D polymer structures is derived
in the thermodynamic steady state of the system [25]. On those 3D structures we implemented the
Hi-C, GAM, and SPRITE methods by simulating their corresponding steps in in-silico contact data
(Fig. 4.1a) [40]. In brief, in the case of in-silico Hi-C two polymer chains represent the two Sox9 alleles
in each cell; they are fragmented in equal segments, then crosslinked fragments are ligated and
ligation products are counted to derive an in-silico analog of Hi-C contact frequencies (see the
original work [40] for all details of the simulations). The overall efficiency of the process is the
product of the in-silico crosslinking, digestion, biotinylation, ligation and sequencing efficiencies.
Similarly, in-silico SPRITE is performed by counting chain fragments tagged with the same barcode.
Finally, in-silico GAM is implemented by cutting randomly oriented slices from a sphere
(representing the nucleus) where two single-molecule 3D structures, i.e., the two alleles, are
randomly positioned; thus, by listing the polymer sites falling within each slice, a co-segregation
matrix of the studied locus is derived. The overall efficiency comprises the detection and sequencing
efficiency of such sites. By using that procedure, we derived in-silico contact maps of the known
polymer 3D structures and investigated how the different technologies are affected, for instance,
by the detection efficiency, by the number of pairs, N, of 3D single-molecule structures included in
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the analysis (for simplicity, we refer hereafter to N as the number of in silico cells) and how they
depend on the genomic separation.

4.1.2. In-silico contact data are derived from known SBS 3D structures

As the SBS polymer model of Sox9 is inferred from Hi-C data [16], we first checked that its in-silico
Hi-C contact map (i.e., the contact data averaged over the ensemble of 3D structures) reproduces
the corresponding real bulk Hi-C data [16] of the locus (Fig. 4.1b, left). To this aim, we computed
the correlation between model and experimental contact maps and found that different
coefficients, such as Spearman (rs), Pearson (r), and HiCRep (stratum adjusted correlation
coefficient, scc[147]), consistently returned all high values: rs=0.83, r=0.83 and scc=0.80,
respectively, as also reported in [25]. Based on this preliminary check, we next validated our
approach by comparing the in-silico SPRITE and GAM contact matrices derived from the same
ensemble of Sox9 model 3D structures against the corresponding, independent SPRITE [14] and
GAM [148] bulk experimental matrices. We found, again, high correlations between model and
experiments, respectively, rs=0.92 and r.=0.79, r=0.75 and r=0.80 (Fig. 4.1b, middle and right). The
HiCRep score, which is mostly designed for comparison of Hi-C data, is also statistically significantly
high—respectively, scc=0.57 and scc=0.40. Similar results were found for the other considered loci,
such as HoxD [40].
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Figure 4.1: In silico Hi-C, SPRITE and GAM bulk contact maps recapitulate experimental data. a) Schematic
cartoon illustration of our computational experiment: a thermodynamic ensemble of single-molecule 3D
conformations of the polymer model of the DNA locus of interest is derived from bulk Hi-C data using the
PRISMR [9] procedure and polymer physics simulations. Then, the experimental protocols of Hi-C, SPRITE and
GAM are implemented in-silico on the ensemble of model 3D structures. b) In our Sox9 case study
(chr11:109-115Mb, mm9), the SBS model conformations, which are inferred from only Hi-C data [16], return
average contact maps (bottom) that significantly match Hi-C and independent SPRITE [14] and GAM data
(top), as quantified, e.g., by the high Spearman correlation (r;) values. GAM data are from a new dataset
made of 1122 F123 cells. Adapted from [40].
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4.1.3. Validation of the ensemble of single-molecule polymer 3D conformations

As broadly discussed in Chapter 3, the SBS model 3D structures represent chromatin structure well
beyond the population-averaged data, as they provide a bona-fide representation of chromatin
conformations in single-cells [38]. To this aim, we took advantage of published multiplex FISH super-
resolution microscopy data [21] for a 2.5Mb region in human HCT116 cells (chr21:34.6—-37.1 Mb,
see Chapter 3), because here we can compare experimental and model-derived single-molecule 3D
structures [21,38] as well as Hi-C data [117] (GAM and SPRITE data are not available for that cell
type). By using the minimum RMSD criterion (Section 3.2), we performed an all-against-all structural
comparison whereby each SBS model single-molecule conformation was univocally associated to a
corresponding imaged 3D structure (Fig. 4.2a, b). To set a control, we generated self-avoiding
random-walk (SAW) polymer chains having the same number of beads and the same average
gyration radius (i.e., same linear size) as the real images of the locus. Thus, we compared the RMSD
distribution of the model-experiment best matches against those from the SAW control model and
found the two distributions to be statistically different (two-sided Mann—Whitney test p=0) with
93% of the former falling below the first tertile of the latter (Fig. 4.2a). Similar results hold if we
consider the RMSD distribution of the experiment-model best matches against the control case (Fig.
4.2b, two-sided Mann—Whitney test p=0, with 70% of the entries of the former below the first tertile
of the latter). As a further validation, we verified that the SBS-predicted [38] and microscopy [21]
mean distance matrices have a high correlation value (rs=0.96), as well as the model [38] and
experimental Hi-C [117] contact matrices (rs=0.94, Fig. 4.2c). Importantly, the in-silico SPRITE and
GAM average matrices also represent with high accuracy the mean distance data (correlation,
rs=—0.98 and rs=—0.99, respectively, Fig. 4.2c) and our results are robust across different correlation
metrics (see Table I).
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Figure 4.2: Model 3D structures are consistently validated at the single-molecule level. a) The distribution
of RMSD between the 3D conformations of the SBS model and their best-matching experimental
structures [21] (brown) is compared to that between control SAW structures and their best-matching
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microscopy conformations (orange) in the imaged 2.5Mb locus in human HCT116 cells (chr21:34.6—-37.1Mb).
The two distributions are statistically different (two-sided Mann—Whitney test p = 0) with 93% of the former
below the first tertile of the latter. b) The distributions of RMSDs is computed between the experimental
structures and their best-matching structures from the SBS (brown) and the control SAW model (orange).
The distributions are statistically different (p=0) and well separated (70% of the former is below the first
tertile of the latter). ¢) In the HCT116 locus, the experimental Hi-C [117] and the in-silico Hi-C, SPRITE, and
GAM contact matrices (left) are compared to the model and experimental average distance maps (right).
Adapted from [40].
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Table I: Pearson (r), Spearman (rs), and HiCRep correlation values in the HCT116 locus for: a) in-silico and
experimental Hi-C contact maps, b) in-silico and microscopy average distance matrices, c) in-silico Hi-C,
SPRITE, and GAM against average distance data. Adapted from [40].

As a further control, we compared the experimental imaged average distance matrix [21] of the
locus against those derived from the SBS [38] and SAW models (Fig. 4.3a-c). While the SAW matrix
has no TADs or patterns and poorly compares against the experiment (genomic-distance-corrected
Pearson r'=0.32), the SBS model well captures the features of the data and returns a much higher
correlation (r'=0.84, see also Chapter 3). We also computed the distribution of r’ correlations
between the pairs experiment—experiment, experiment—SBS and experiment—SAW single-molecule
distance matrices and found that while the first and second distributions are not statistically
distinguishable (two-sided Mann—Whitney test p=0.19), the experiment—SAW distribution is clearly
different (p= 0; Fig. 4.3d).
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Figure 4.3: Single-molecule distance maps of the SBS model significantly correlate with single-cell imaging
data in HCT116 cells. The average distance matrix (top) and a representative example of single-molecule
distance map are shown for: a) multiplexed FISH imaging data [21] of the studied HCT116 locus; b) the SBS
polymer model of the locus[38]; c¢) a control SAW model with same linear size as real microscopy
conformations. While the SAW model tends to form fleeting and random interactions that result in
featureless bulk data, the SBS model recapitulates the TAD-like structures visible in the experiment and also
captures the highly specific contacts established in single-molecules. d) Distribution of r’ correlation values
between pairs of experiment-experiment (orange), of experiment-SBS (brown) and of experiment-SAW
(violet) single-molecule distance matrices. The first and second distributions are statistically not
distinguishable (two-sided Mann-Whitney test p=0.19) to each other and statistically different from the
control (p=0). Taken from [40].

Overall, the agreement between model and experiments provides a validation of our polymer model
as its 3D structures, which are inferred from Hi-C data, faithfully recapitulate independent SPRITE,
GAM and microscopy data, also at the single-molecule level, consistently across different
experiments, loci and cell types. Additionally, our in-silico approach does not reveal biases favoring
Hi-C, SPRITE, or GAM, hence allowing a fair significant comparison of their performance.

4.2 Results of our in-silico experiment

In this Section, we discuss the results of the comparison of our in-silico Hi-C, SPRITE and GAM. In
brief, we show that all three methods faithfully recapitulate bulk 3D distances (subsection 4.2.1),
yet they are less accurate at the single-cell level because of the intrinsic structural variability of
single-molecule conformations (subsection 4.2.2). Then, while SPRITE is less sensitive to the number
of cells employed in the experiment, GAM is found to be the most affected (subsection 4.2.3).
Finally, we show that, differently from Hi-C and SPRITE, GAM has the best and lower varying noise-
to-signal level for long-distance interactions (subsection 4.2.4), thus highlighting the different
experimental conditions where each technology is most effective.

4.2.1. Bulk data from in-silico Hi-C, SPRITE, and GAM are faithful to average 3D distances

First, we aimed to investigate whether our in-silico technologies do reflect the spatial structure of
the underlying ensemble of model single-molecule 3D conformations. Hence, in our Sox9 case study
we computed the average distance matrix of the known model 3D structures, which represents their
typical folding, and we compared it against the in-silico Hi-C, SPRITE and GAM bulk contact data (Fig.
4.4a). Albeit bulk interaction patterns of those technologies are similar to each other, GAM is found
to better capture longer-range contacts between TADs (Fig. 4.4a). That is consistent with the result
that the noise-to-signal ratio is the lowest in GAM for larger genomic separation, as will be explained
in the subsection 4.2.4. All three methods well reproduce the known TAD-like structures of the
average distance matrix (Fig. 4.4b, different colors in the bottom bar), as quantified by their high
correlation values (Spearman correlations are negative as contacts and distances are inversely
related). Different correlation measures provide the same scenario, as well as the analyses
performed in the other loci [40]. Taken together, our results show that bulk data from in-silico Hi-C,
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SPRITE and GAM faithfully reflect the spatial structure of the underlying 3D conformations of the
studied loci, as they provide overall comparable information on average distances.
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Fig. 4.4: Bulk Hi-C, SPRITE and GAM data faithfully recapitulate average 3D distances. a) In-silico bulk Hi-C,
SPRITE and GAM maps of the Sox9 locus are compared to the average 3D distance matrix of the known single-
molecule 3D conformations of the locus model (panel b)). On the bottom, spearman correlation coefficients
are listed between each contact map and the average 3D model distance matrix (similar values are also found
for the Pearson and HiCRep coefficients [40]). b) Average distance matrix of the ensemble of in-silico model
single-molecule 3D conformations. A colored bar on the bottom highlights the main TAD structures of the
Sox9 locus. Taken from [40].

4.2.2. The intrinsic variability of single-molecule 3D conformations affects in-silico single-cell
contact data

We also investigated how the structural variability of single molecules impacts on contact maps
beyond the averaged-bulk level. Consistent with single-cell imaging data [21-23], single-molecule
Sox9 conformations exhibit strong variability in the ensemble of model 3D structures, as their single-
cell distance matrices have, for instance, broadly varying Spearman correlations with the average
distance matrix of the locus (Fig. 4.5a; mean rs=0.88). Also, the correlation of an in silico single-cell
Hi-C, SPRITE or GAM contact map with its corresponding single-cell distance matrix is found to be
much lower than in the case of the bulk data. For example, in the ideal case of in-silico experiments
with efficiency set to 100%, the distribution of correlations between in-silico single-cell Hi-C contact
and corresponding distance maps has an average r.=-0.37, while rs=-0.46 is the average measured
for SPRITE (Fig. 4.5b). For GAM the correlation between single-cells maps is even lower, average rs=-
0.15, and its distribution much broader (in the range -0.4< r.<0). At lower, realistic values of
detection efficiency, in-silico single-cell contacts are further worsened and the correlations with
corresponding distance maps decrease (Fig. 4.5¢c). By taking, e.g., an efficiency of 0.5, the average
correlation between in-silico single-cell maps is around rs=0.2, 0.4, and 0.1 for Hi-C, SPRITE and GAM,
which, importantly, are all values consistent with real single-cell experiments [40,90]. Hence, the
stochasticity of in-silico Hi-C, SPRITE and GAM data reflects the intrinsic structural variability of
single-molecule chromatin conformations. For that reason, in-silico single-cell data are less faithful
than bulk data to the corresponding single-cell distances, even in the ideal case of 100% efficiency.
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Fig. 4.5: The variability of single-molecule 3D conformations is reflected in the highly stochasticity of single-
cell contact maps. a) Left: In silico single-cell distance maps of the Sox9 locus are compared against the
average distance matrix. Right: The distribution of Spearman correlations between in-silico single-cell and
average distance maps is broad and has an average value r.=0.88. Pearson and HiCRep correlations provide
similar results [40]. b) The distributions of Spearman correlations between in-silico single-cell contact
matrices at efficiency=1 and their corresponding in-silico single-cell distance matrices return correlations
much lower than in the case of bulk data (see Fig. 4.4). ¢) Mean correlation values between in-silico single-
cell contact maps and corresponding single-cell distance maps at efficiencies similar to those of the real
experiments (e.g., we used here 0.05 for Hi-C and SPRITE and 0.5 for GAM). Adapted from [40].

4.2.3. The minimal number of cells for replicate in-silico experiments is different for Hi-C, SPRITE
and GAM

Next, we studied the effect of the number of in-silico cells (N) on the quality of in-silico Hi-C, SPRITE,
and GAM contact maps. By setting, for instance, the efficiency to 100%, we found that those
matrices become sharper and stabilize as N increases, e.g., from 10 to 10000 cells (Fig. 4.6a). This is
also confirmed in the case of efficiencies comparable to typical experimental values (Fig. 4.6b), i.e.,
0.05 in the case of Hi-C (taken as an upper limit of the values reported in the
literature [90,142,149,150]) and SPRITE, and 0.5 for GAM (whose efficiency is roughly one order of
magnitude larger than the Hi-C and SPRITE). However, our simulations suggest that the critical,
threshold value of N to reach saturation is strongly dependent on both the efficiency level and the
considered technology (Fig. 4.6a, b). For that reason, we aimed to quantitatively identify the
minimal number of cells that, at a given efficiency, is required for replicate in-silico experiments to
approach the bulk limit (i.e., to return similar contact maps). To this aim, we measured in our Sox9
case study the similarity between pairs of identical experiments (i.e., with same N and efficiency) by
computing the average Pearson correlation between their corresponding contact maps (Fig. 4.6c;
other correlations, e.g., Spearman and HiCRep, returned similar results [40]). Such a replicate
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correlation increases as a function of N and reaches a plateau to 1 in the large N limit (Fig. 4.6d, e);
importantly, this behaviour is independent of the experimental efficiency as the average over a large
number of cells compensates for reduced efficiency values (in Fig. 4.6d efficiency is set to 0.1, while
in Fig. 4.6e it is close to the real experimental values). Then, we heuristically defined the minimal
number of cells, M, required for statistically reproducible results across different replicates as the
value of N where the correlation is greater than a given threshold, r=0.9. In the paper [40], we prove
that such heuristic criterion, as well as the above definitions and features of M, can be fully
grounded on the Central Limit Theorem (CLT). Interestingly, we found that M varies with the
different technologies: for instance, if the efficiency is 0.1, we have M=200, 100, and 2000 for Hi-C,
SPRITE and GAM, respectively (Fig. 4.6d). Additionally, our data show that M also depends on the
considered detection efficiency, as for real efficiency values (e.g., 0.05 for Hi-C and SPRITE, and 0.5
for GAM) the corresponding values are 650, 250 and 800, respectively (Fig. 4.6e). Importantly, GAM
data include both random and non-random cosegregation events (i.e., specific contacts), which can
be dissect by using statistical and math tools, such as SLICE [15]. When GAM is combined with SLICE,
which is specifically designed to capture significant interactions, we find that noise effects are
drastically reduced and M becomes nearly half than the value required for GAM alone under same
conditions (hence, by using SLICE, M=400 instead of 800 for real efficiencies) [40]. For that reason,
SLICE can reliably enhance the performance of GAM in real applications, for instance on in-vivo
sample tissues where the number of available cells is small.

Then, we aimed to rigorously investigate how the experimental efficiency affects the quality of in-
silico data, i.e., the minimal number, M, of cells required for replicate similarity. We found that this
number strongly depends on efficiency, as it increases approximately as an inverse squared power
law as the efficiency decreases (Fig. 4.6f). In general, we observe that the estimated M for SPRITE is
two times smaller than the one for Hi-C, and roughly one order of magnitude smaller than for GAM.
In the paper [40], we show that those findings have general validity, as they hold also for other
genomic loci (e.g., the murine HoxD, Epha4 and the human HCT116 loci). Moreover, they do not
depend on the specific approach of our SBS model, as similar results are found if the polymer model
is inferred, e.g., from GAM rather from Hi-C or if a toy block-copolymer, unrelated to real chromatin
loci, is considered [40]. Overall, our analyses illustrate how the statistical reproducibility of in-silico
contact matrices is affected by both the number of cells, N, and experimental efficiency, and how
the different technologies under different situations perform relative to each other.
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Fig. 4.6: Hi-C, SPRITE and GAM require a different number of cells to ensure replicate reproducibility. a) In-
silico Hi-C, SPRITE and GAM contact maps of the Sox9 locus are shown for different numbers of in-silico cells
(N). Efficiency is set to 1 (ideal case). b) As in panel a), but efficiency is similar to that of real experiments
(0.05 for Hi-C and SPRITE, 0.5 for GAM). c) Scheme of the heuristic criterion to assess similarity between
replicates: the minimal number of cells, M, providing reproducible (i.e., statistically similar) contact maps is
defined as the value of N whereby the average Pearson correlation between replicates is higher that the
threshold r=0.9. d) Pearson correlation between replicate experiments as a function of N for Hi-C, SPRITE
and GAM at a given efficiency (0.1 in the case shown). The dashed line is the threshold correlation value
r=0.9. e) As in panel d) for efficiencies corresponding to typical experimental values. f) The minimal number
of cells, M, strongly depends on the detection efficiency and follows approximately an inverse squared power
law. This behaviour, as fully discussed in [40], is consistent with the Central Limit Theorem (CLT). Adapted
from [40].

4.2.4. Noise-to-signal ratio levels vary differently in Hi-C, SPRITE and GAM

Finally, we considered the noise-to-signal level of the entries of contact matrices and investigated
how it varies with genomic separation, with the number of cells N and with the efficiency of the in-
silico experiments. The noise-to-signal ratio of each entry, Cj, of a contact matrix is defined as the
ratio between the standard deviation, oj, and the mean, ui, of that entry across replicate
experiments under the same conditions. By fixing N and the in-silico efficiency, we found that the
average noise-to-signal ratio, o/u (average over the entries with same genomic separation), strongly
depends on the genomic distance (Fig. 4.7a). For instance, in our Sox9 locus, while SPRITE has the
lowest o/u value at genomic separations below 1Mb, this ratio is the lowest for GAM at large
genomic scales (>1Mb), as it is almost one order of magnitude lower than Hi-C and SPRITE. Also, for
both Hi-C and SPRITE, o/u increases by more than one order of magnitude in the genomic distance
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range 0.5-5Mb and steeply boosts above 1Mb, whereas GAM has an overall lower varying (i.e., more
stable) noise-to-signal level. Conversely, by keeping fixed genomic distance and efficiency, o/u
decreases as a function of N (Fig. 4.7b). That behaviour is expected as in the large N limit the contact
matrices overall are not sensitive to the considered efficiency value, consistent with our previous
observations (see, e.g., Fig. 4.6a, b). In particular, o/u exhibits an inverse squared power law in N
(i.e., o/u~N?°3), which we show in the paper [40] to be consistent again with the CLT. Next, for a
fixed genomic separation and N, the noise-to-signal ratio strongly depends, as expected, on the
efficiency (Fig. 4.7c, o/u decreases roughly as an inverse power law of the experimental efficiency).
As shown in [40], all the above results also hold for the other investigated loci (HoxD, Epha4, and
the human HCT116 loci) as well as for polymer toy models, supporting the view that quantitative
comparison of the performance of in-silico Hi-C, SPRITE and GAM has a more general validity.
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Fig. 4.7: Noise-to-signal ratio levels vary differently with genomic distance, number of cells and efficiency
in Hi-C, SPRITE and GAM. a) The mean noise-to-signal ratio (o/u) of a contact map depends on the genomic
distance at fixed number of cells (N) and efficiency. In this example, N=50000 and efficiency=0.5. b) The o/u
ratio at fixed genomic distance and efficiency decreases with N as an inverse square root, consistent with the
CLT [40]. In this plot, genomic separation is 1Mb and efficiency set to 0.5. c) At fixed genomic distance and
number of cells, o/u scales approximately as an inverse power law of the efficiency. In this case, genomic
distance=1Mb and N=50000. Adapted from [40].

Overall, based on computer simulations and polymer physics modeling, we discussed an in-silico
experiment to test how well Hi-C, SPRITE and GAM, i.e., three different powerful technologies
currently employed to probe DNA contacts genome wide, represent the 3D structure of the genome.
By using a validated ensemble of known polymer 3D structures as benchmark, we performed in this
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simplified, yet fully controlled, framework the first quantitative comparison of their performance.
We systematically analyzed in silico Hi-C, SPRITE and GAM under different experimental conditions,
including key parameters such as the number of cells considered in the experiment, detection
efficiency and genomic separation scales. The results of our study are summarized in Table Il.

Faithfulness to 3D structure Replicate Noise vs. detection efficiency
|:| similarity vs.
I Bulk data Single-cell | cell number <1Mb >1Mb
Hi-C **k* * % * % * * *
SPRITE * %k %k * %%k * %% * % **
GAM * k% * * * * %%

Table Il: Summary table of the performance of in-silico Hi-C, SPRITE and GAM. Adapted from [40].

82




CONCLUSIONS AND PERSPECTIVES

Recent technological advancements from molecular biology have allowed to measure chromosome
physical interactions at increasing resolution and scale [13-15,88]. They have revealed that our
genome is folded into a complex 3D architecture [1-3,10,104] within the cell nucleus involving a
hierarchy of structural patterns, such topologically associating domains (TADs) [16,17], i.e., large
genomic regions that display a high degree of interaction, as well as higher-order structures
extending up to the whole chromosome scale [13,18]. Importantly, such an organization serves
important functional purposes: TADs, for instance, are thought to act as insulating structures,
spatially confining the long-distance interactions between genes and their regulators [2,3,104]. At
the same time, novel approaches from FISH microscopy [19-23] are allowing to resolve single-
molecule DNA structures at very fine scales, e.g., few nanometers, showing that those
organizational features (e.g., TADs and other structures) physically exist in individual cell nuclei [21].
Yet, the self-organizational principles of the system remain unclear. How are chromosome contacts
established? What is the physical mechanism shaping genome 3D structure in single-cells? How to
explain the experimentally reported cell-to-cell structural variability of genome conformations?

In this thesis, we aimed to tackle those questions by using principled models from polymer physics.
In particular, we focused on the Strings and Binders (SBS) polymer model [38,43,45] whereby a
chromosome region is represented as a self-avoiding chain of beads, in a thermal bath, with specific
binding sites for cognate diffusing molecular binders, such as Transcription Factors, that can bridge
those sites. The equilibrium 3D conformations of the model fall in structural classes corresponding
to its thermodynamics phases: upon increasing binder concentration or affinity above a threshold
value, the system undergoes a phase transition from a coil (i.e., randomly folded) to a phase-
separated state where the attraction between polymer binding sites and their associated cognate
binding molecules drives a micro-phase-separation of the chain into distinct globules. By performing
extensive computer simulations of the model, we derived predictions about DNA single-molecule
3D structures in real human genomic regions that we compared against super-resolution imaging
data in single-cells [21,38]. We showed that the model conformations in the globule phase-
separated state of the theory display structural features (e.g., 3D spatial distances, contact patterns,
TAD boundary probabilities and strengths, separation scores, gyration radius distributions)
consistent with those measured in microscopy experiments and they also reflect the same degree
of observed structural variability. In the SBS picture, such a variability naturally results from the
intrinsic thermodynamic folding degeneracy of the model, as polymer conformations do not fold in
a single, naive structure, as in protein folding, but in a much broad set of possible microstates. We
also tested the predictions of the model upon removal of the cohesin functional complex, which is
a known genome organizing factor. Our results, consistently validated against microscopy data,
indicate that cohesin depletion tends to reverse phase-separation from the globule to the coil
(randomly folded) thermodynamics state in most single-cells, resulting in much more variable and
transient contacts in single-molecules. Finally, we explored the steady-state time dynamics of the
polymer conformations of the theory and showed that thermodynamic globule phase-separation
can either establish contact specificity or spatial insulation between different genomic regions, thus
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providing a quantitative picture on how contacts, e.g., between genes and distal regulators, can be
controlled at the molecular level.

To summarize, the consistent agreement between single-cell imaged and model-derived
conformations supports the view whereby, in the studied genomic regions, chromosome folding is
driven at the single-cell level by a thermodynamics physics mechanism of polymer phase-
separation [38]; the observed cell-to-cell structural variability spontaneously results from the
intrinsic thermodynamic conformational degeneracy of polymer folding; the depletion of cohesin,
consistent with the key role of this molecular factor in shaping chromosome organization, promotes
a reversal of phase-separation into more open randomly folded structures. Overall, globule phase
separation is shown to be a robust yet reversible mechanism of chromosome organization where
stochasticity of DNA interactions, which is typical of weak biochemical affinities, can coexist with
specificity.

Next, we also discussed a different, original application of models from polymer physics, which can
be used to evaluate advantages and limitations of benchmarked experimental methods for
determination of genome structure [40]. We considered three important methods, i.e., Hi-C, SPRITE
and GAM, which are currently used to probe genome-wide chromosomal physical interactions.
However, it is unclear to what extent those technologies are faithful to the underlying 3D structure
of the genome and how they perform relative to each other in different applications, because they
return distinct measures of interactions and no benchmark exists. For instance, is GAM or SPRITE as
faithful to chromosome structure as Hi-C? Which method requires the minimal number of cells to
achieve statistically significant results? And which is more suited in detecting interactions at large
genomic distances? To answer such questions, we designed a computational experiment where we
simulated “in-silico” those distinct three methods on ensembles of fully known and validated SBS
polymer structures. That allowed us to systematically investigate in-silico Hi-C, SPRITE and GAM
under different experimental conditions, examining their behavior against crucial experimental
parameters such as detection efficiency, cell numbers and genomic separation scales. We found, for
instance, that all three technologies faithfully describe the average chromosome structure from a
population of cells, whereas they are less reliable at the single-cell level because dominated by
noise. Then, under equal conditions, SPRITE is the technique requiring the lowest number of cells to
ensure the statistical reproducibility of the measures, while GAM the highest. The noise-to-signal
ratio follows an inverse power law with detection efficiency and grows with genomic distance
differently among the three methods, with GAM having an overall lower varying noise-to-signal
level, especially at larger genomic separations. Overall, although simplified, those studies can help
in designing real-world applications of those technologies for specific purposes, as well as in guiding
experimentalists on the best approach to use to interrogate genome structure in different contexts.

Lastly, we are currently involved in many other ongoing research projects. As an example, we are
investigating further mechanisms of genome folding in single-cells beyond polymer phase-
separation. For instance, loop-extrusion (LE) has been proposed as another major physical process
shaping chromosome large-scale spatial organization. In the LE picture, physical proximity between
distal sites is established by molecular motors that bind to DNA and extrude a loop in an out-of-
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equilibrium, active physical process involving external energy (e.g., ATP molecule) consumption.
However, does loop-extrusion explain single-cell data? How does it compare to thermodynamic
polymer phase-separation? Do those distinct physical mechanisms compete or coexist in
establishing genome architectures? Those are some of the questions we are trying to answer to. On
another side, we are working in collaboration with the Institute of Human Genetics in Montpellier
(France, Giacomo Cavalli’s Lab) to investigate the mechanisms of gene regulation at the single-
molecule level. Understanding the 3D genome has indeed important implications for real life, as for
instance aberrant chromosome organizations are increasingly recognized as a hallmark of various
diseases ranging from common cancers to rarer genetic disorders [4,10]. Hence, in such an aspiring
yet challenging diagnostic perspective, quantitative models from physics can be essential to make
predictions on the effects of pathogenic mutations on genome architecture based on the
comprehension of the underlying fundamental molecular mechanisms. That is the golden path we
aim to push our models through.
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