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Abstract 
 
 

 
 

The interplay between chromatin, transcription factors and 
genes defines a complex gene regulatory system whose study is 
essential to understand cell differentiation and how relevant cell 
functions are maintained or disrupted during biological processes. 
This is the main area of interest of what is known as 4D genomics, a 
field that has been evolving on the wave of high-throughput methods 
producing extensive amounts of data on gene location, chromatin 
structure and gene expression. 4D genomics data is each day more 
accessible, the challenge being to interpret it. In this sense Machine 
Learning (ML) and Artificial Intelligence (AI) methods are becoming 
crucial to transform noisy experimental data into biological 
information. The aim of this thesis is to untangle some of the 
mechanisms that constitute regulatory networks while integrating 
various state-of-the-art techniques to further understand some of the 
currently unanswered challenges. 

During my PhD thesis I have been exploring the chromatin 
landscape and gene expression mechanisms at different levels of detail 
and this volume summarizes the main results obtained. In the 
Introduction, a brief overview of gene expression and transcriptional 
regulation mechanisms is provided. I also discuss the underpinnings 
of chromatin organization and stress conditions.  

Chapters 1 through 5 are a compendium of articles where I 
describe the different research projects that I undertook during my 
PhD thesis. These projects have either been published in peer-review 
journals, are currently under review or in preparation. 

More specifically in Chapter 1 we started by studying the first 
regulatory layer, the double-stranded helical structure of DNA and its 
binding to effector proteins. We developed a ML model that predicted 
with high accuracy the in vitro affinities and binding sites of various 
transcription factors based on physical properties of the DNA. Our 
method also successfully reproduced in vivo data when combined with 
a second layer of information, the chromatin organization of the 
nucleosomes.  

In Chapter 2 we explored nucleosome positioning preferences 
in yeast genomic DNA by first developing a predictor of nucleosome 
free regions around the transcription start and terminating sites which 
are known to comprise critical binding sites. Our method allowed us 



 

to predict the nucleosome architecture within gene bodies by using 
signal theory from two strongly positioned nucleosomes referred to as 
+1 and -last (the nucleosomes immediately downstream of the TSS or 
upstream of the TTS respectively). We additionally studied the link 
between nucleosome arrangements and gene expression mechanisms.  

In Chapter 3, the effects of oxidative stress damage on 
nucleosome organization and overall chromatin structure are 
described. In order to clarify the effect of these lesions, we performed 
statistical analysis on a series of gene expression mechanisms through 
different experimental techniques such as MNase-Seq, Hi-C and 
Micro-C experiments.  

Chapters 4 and 5 introduce the study of RNA as a distinct 
structure and discuss its properties and capability of playing a key role 
in some regulatory mechanisms such as triplex forming 
oligonucleotides. A general discussion that encompasses the 
significance and future perspectives of these 5 projects is presented in 
Chapter 6, together with the main conclusions of this work in Chapter 
7. 
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Introduction 
 
 
 
 
The complexity of living organisms is the result of a 

combination of processes starting with the information encoded in the 
DNA and the consequent expression of genes. The regulation of gene 
expression is essential for normal development and cellular 
differentiation. A better understanding of the regulation and miss-
regulation of genes can facilitate the comprehension of phenotypic 
effects, modes of evolution and even cancer and other diseases. In this 
Introduction, I start by exploring the structural characteristics of DNA 
and RNA that play a crucial role in many biological processes. I will 
then describe the key elements in gene expression mechanisms and the 
role that chromatin structure plays at a higher level. Finally, different 
elements that can affect gene regulation, such as DNA damage drivers, 
will be introduced followed by a description of the foundational 
elements of machine learning. 

 
1. The Structure of DNA 

 
The discovery of the structure of DNA (1) was a scientific 

breakthrough that had profound biological implications. The central 
dogma - DNA makes RNA and RNA makes proteins- was formulated 
shortly after (2). This was then followed by the discovery of DNA 
replication, the responses to DNA damage, DNA compaction into 
chromatin, or the regulation of gene expression before translating the 
encoded sequences, among other relevant biological processes. 

At the core of biology lies DNA, a polymeric molecule 
composed of repeating units called nucleotides, which at physiological 
conditions arrange forming a complementary right-handed duplex 
containing the genetic information necessary to build life. Each 
nucleotide base consists of one nitrogenous base (adenine (A), cytosine 
(C), guanine (G) or thymine (T)), a deoxyribose sugar, and a phosphate 
group defining the backbone. These bases are planar heterocyclic 
molecules that can be classified into two groups: purines (A, G) and 
pyrimidines (C, T). In the canonical Watson-Crick duplex, purines, A 
or G, will interact with pyrimidines, T or C respectively, through 
specific hydrogen bonds. Two hydrogen bonds constitute the A-T 
pairing while three comprise the G-C pairing, making the latter more 
stable given the additional bond (see Figure 1). Phosphodiester bonds 
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hold together nucleotides within the same strand, resulting in an 
alternating sugar-phosphate backbone, while aromatic moieties stack 
one another generating stabilizing stacking interactions. 

The canonical double-helical structure of the DNA at 
physiological conditions is named the B-form. This duplex forms a 
right-handed helix, with about ten to eleven base pairs forming a 
helical turn. Two types of grooves arise from the DNA helix: the major 
groove and the minor groove. These indentations differ from each 
other in terms of widths and depths given the asymmetric attachment 
of the base pairs to the sugar-phosphate backbone, with the major 
groove being wider and deeper, able to recognize protein elements (see 
Figure 2). 

 
 

 
 

Figure 1. Scheme of the structure of DNA. Figure of the double helix of 
the DNA, the nucleotide bases, and their structure together with their 
base pairing modes.  
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Figure 2. Scheme and definition of the major and minor grooves 
conforming the DNA. A schematic major groove binding by a 
transcription factor is also shown. 

 
1.1. Helical Parameters: a rigid base model 

 
Contrary to first thought, the duplex structure is not perfectly 

regular in biological conditions, but rather changes depending on the 
sequence (3, 4). A convenient way to measure such variability is at the 
base and base-pair level, measuring the movements using helical 
internal coordinates. These coordinated were defined in 1988 at an 
EMBO meeting in Cambridge, also known as the “Cambrige Accord”, 
and standardized at the Tsukuba Workshop on Nucleic Acid Structure 
and Interactions (5). The definition of the parameters put together a 
single reference frame that would be used to calculate base 
morphology parameters. This definition assured the generation of 
consistent values across studies.  

The parameters are defined either locally with respect to a local 
coordinate system attached to each individual base pair, or globally, 
with respect to a global curvilinear helical axis (see Figure 3) (6–8). 
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Figure 3. The helical parameters that define the spatial location of bases 
and the DNA conformations.  

 
Through 6 intra-base pair parameters, 3 translational and 3 

rotational, we define the relative geometry of two rigid bases 
conforming a base pair: 

 
● Shear, stretch, and stagger (translational parameters), called 

the relative displacements of the bases along their x-, y- and 
helical axis (z-axis) respectively. 

● Buckle, propeller twist, and opening (rotational parameters), 
called the relative torsions of the base planes around their x-
, y- and helical axis (z-axis) respectively. 

 
The orientation in space of a base-pair modeled as a rigid body 

is characterized by 10 coordinates, 6 of which (3 rotational and 3 
translational) are defined relative to the previous base-pair in a dimer 
reference frame (inter-base pair parameters or base pair step 
parameters): 

 
● Shift, slide, and rise (translational parameters) define the 

relative displacement of one base pair against another one in 
the direction of the x-, y- and z- helical axis respectively.  

● Tilt, roll, and twist are the 3 rotational parameters. Tilt is the 
corresponding dihedral angle along the x-axis of the base 
pair. Similarly, roll is the dihedral angle for rotation about 
the y-axis. Its positive value opens a base pair step towards 
the minor groove and its negative towards the major groove. 
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Twist is the angle between successive base pairs about the 
helical axis (z-axis). 

 
The remaining 4 coordinate parameters describe the geometry 

of a rigid base pair with respect to a local helical axis: 
 
● Inclination is the angle between the y-axis of the rigid base 

pair and a plane perpendicular to the helical axis. Tip is the 
angle between the x-axis of the base pair and a plane 
perpendicular to the helical axis. Both take positive values 
for a right-handed rotation. 

● X-displacement and Y-displacement define translations, 
along the x- or y-axis respectively, of the midpoint of the 
base pair mean plane with respect to the helical axis. A base 
pair with positive X-displacement is translated towards the 
major groove and a positive Y-displacement is towards the 
first nucleic acid strand of the duplex. 

 
The helical parameters allow us to describe the basic structural 

features of DNA. However, a growing understanding of molecular cell 
biology led by advancements in experimental (4, 9) and theoretical 
methods (10–12), required the need to additionally take into account 
the dynamics, and more specifically, the flexibility of DNA (vide infra).  

 

1.2. DNA dynamics and flexibility 
 
Experimental evidence demonstrates that on top of the one-

dimensional sequence information and the sequence-dependent DNA 
structure, the deformability (or flexibility) of DNA plays an important 
role and has a significant impact on gene regulatory mechanisms (13, 
14). One way to evaluate the flexibility of DNA is to generate an 
ensemble of structures and use the inverse of the covariance matrix 
(either in the Cartesian or the helical spaces), to calculate force 
constants associated with the elastic deformation modes (15). This 
assumes that helical properties are normally distributed and that 
known structures provide a dense enough sampling of the accessible 
conformational space. The latter is achieved by using dense sampling 
that can be obtained from molecular dynamics simulations (16), which 
can be used to explore a large variety of sequences. 

The Ascona B-DNA (ABC) consortium have undertaken 
initiatives to provide information on the conformational properties of 
the 136 unique tetranucleotide sequences (17, 18). Based on systematic 
analyses of databases and molecular dynamic simulations it is evident 
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that the sequence plays a key role in the conformation of DNA by a 
combination of energetic and structural factors. The information 
obtained from these analyses for the different unique tetrameric 
sequences transforms the genetic information from its linear sequence 
into a global structural arrangement of the double helix. This allows a 
deeper understanding of the functional implications associated with 
sequence-dependent conformational variability. We will show how 
the information derived from these analyses can help to understand 
gene regulation mechanisms.  

 
2. Structure of RNA 

 
Similarly to DNA, RNA is a polymer composed of sugar and 

nitrogenous bases with phosphate backbones. Unlike DNA, RNA has 
been found as a single strand that can adopt different topological 
conformations such as internal-loops, duplexes, triplexes, hairpins, or 
bulges. RNA not only carries genetic information but also performs 
various regulatory and enzymatic functions, highlighting the diversity 
of its conformational possibilities. 

In RNA a hydroxyl group is found attached to the ribose sugar 
at the 2’ position, which is not present in the DNA deoxyribose sugars. 
The additional hydroxyl group allows the RNA to interact in different 
ways with itself and a variety of ligands. This allows it to be readily 
hydrolyzed and cleaved, making it a more versatile but more unstable 
molecule (19, 20); it also introduces a bias towards the North-type 
puckering, which impacts the global helical structure. In addition, 
thymine bases are replaced by uracils which follow the same base-
pairing characteristics but do not have the methyl group at the 5’ 
position (see Figure 4).  
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Figure 4. Main differences between double-stranded DNA and single-
stranded RNA base composition 

  
The physiological RNA structure is composed by a single-

stranded polymer, where the ribonucleotides tend to interact with each 
other through base stacking and if topologically possible, by hydrogen 
bonding forming a hairpin-like structure. In RNA even though we 
observe the canonical DNA Watson-Crick base pairings, we commonly 
observe an additional pairing mode that has a similar stability than 
A•U, the G•U wobble pair (21, 22).  

While the sequence-dependent properties of DNA have been 
widely studied and accurately defined, the molecular simulations and 
experimental data describing the RNA structure are not as broadly 
available. Similarly to the previously described motivation of 
understanding the DNA conformations, it is possible to study the 
structure and flexibility of RNA in order to fully characterize the bases 
of the polymer and to better understand the mechanisms of biological 
processes. The different parameters can also be defined locally with 
respect to a local coordinate system or globally, with respect to a global 
curvilinear helical axis. Further details on a massive simulation effort 
undertaken during this thesis is described in Chapter 5. 

RNA does not only interact with itself but rather with other 
molecules such as proteins or DNA. One example of this is the 
formation of triple helices, the most interesting one being the hybrid 
triplex, when a single-stranded RNA interacts with a duplex DNA. 
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2.1. The triplex structure 

 
The ability of nucleic acids to form a triple helix has been known 

since the 1950s-60s (23–25); however, in recent years, a substantial 
body of research has gained interest in this structure giving its 
implications in biological processes and its potential application to 
anti-gene therapies and biotechnological applications (26). Triplexes 
are formed when a poly-purine segment of a duplex molecule is 
recognized by a third oligonucleotide strand, which binds it by means 
of specific hydrogen bond interactions (27, 28). The binding of the third 
strand, also known as triplex forming oligonucleotide (TFO), happens 
at the major groove of the double helix, also known as the TTS (triplex 
target site), by means of Hoogsteen (or reverse Hoogsteen) bonds (see 
Figure 5). 

The TFO can be a molecule of DNA, RNA or a xenonucleotide 
(29). Based on the orientation of the TFO with respect to the polypurine 
TTS we define two types of triplexes: parallel or antiparallel triplexes. 
Parallel triplexes occur when a TFO (typically pyrimidine-rich) binds 
a central Watson-Crick purine by means of Hoogsteen hydrogen bonds 
while anti-parallel triplexes are characterized by reverse-Hoogsteen 
hydrogen bonds and a purine-rich TFO (see Figure 6). 

 

 
 

Figure 5. Schematic representation of the canonical Watson-Crick vs. 
the Hoogsteen and the reverse Hoogsteen A-T and G-C base pairings. 
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Figure 6. Schematic representation of the six nucleotide triads which 
form the basis of canonical triplex formation. 

 
Very interestingly, TFOs are over-represented in the human 

genome (30, 31), especially in regulatory regions such as promoters, 
which suggest a potential regulatory role of these structures. 

 
3. Gene Regulation Mechanisms 

 
Gene expression defines the process by which the encoded 

information in DNA is turned into a function. The first step in this 
process starts with a copy of the DNA and the transcription of RNA 
into messenger RNA (mRNA) by an enzyme called RNA polymerase. 
Both coding and non-coding regions of DNA are transcribed. The 
introns are removed through an initial processing step and the exons 
get spliced together. In the second step of this process an intercellular 
structure made of both RNA and proteins, known as the ribosome, 
translates the mRNA into coded amino acids which end up forming a 
polypeptide chain that will carry out a specific function (see Figure 7). 
Gene regulation dictates when, where and how many RNA molecules 
and proteins are made, which constantly changes under different 
conditions and cell types. Each step in this process from DNA to RNA 
to protein provides a potential control point. The regulation of these 
processes is fundamental to the correct operation of a cell. Defining 
and understanding the structure and dynamics of gene regulatory 
networks is of great interest but represents one of the most complex 
biological problems. 
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Figure 7. An overview of the flow of information from DNA to protein 
in a eukaryote (picture adapted from 
https://www.nature.com/scitable/content/an-overview-of-the-flow-of-
information-14711098/). 

 
 
Advancements in current technologies have allowed us to 

measure the genome-wide expression of mRNA for many cells, and 
investigate which genes are activated or repressed in different 
situations. The most popular technique used to measure the expression 
of genes is RNA sequencing (RNA-seq). This technique uses next-
generation sequencing to quantify the amounts of transcript data, also 
known as the transcriptome. In a first step, RNA is reversely 
transcribed into complementary DNA (cDNA) and adaptors are 
attached to both ends of the fragments. Secondly, the library is high-
throughput sequenced following manufacturer protocols. Lastly, 
RNA-seq reads are aligned to a reference genome for downstream 
usage. 

What exactly determines the expression of a gene is not a 
straightforward route, but rather can be modulated by many factors. 
Nonetheless, something that is clear today is the relevant role that 
protein-DNA interactions, especially those involving transcription 
factors, play in expression mechanisms and transcriptional responses. 
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3.1. Transcription Factors 

 
Transcription Factors (TFs) are effector proteins that bind to 

DNA in order to activate or repress the transcription of genes. They act 
as buttons to turn on/off the translation of RNA into proteins while 
activating/inhibiting the function of genes. Therefore, proteins can be 
seen as the main regulators of gene expression as they can directly or 
indirectly activate or repress gene activity. 

Predicting the binding patterns of TFs during regular cellular 
processes presents a challenge given the intricate interplay of many 
key factors, such as the presence of nucleosomes, which generally 
hinder TF binding (32, 33), the formation of DNA-protein clusters 
promoting cooperative or anti-cooperative interactions, chromatin 
compaction, or even phase separation (34–36). Nonetheless, an 
essential prerequisite for effective in vivo binding involves high 
affinities with the naked DNA by transcription factors (37). We can 
distinguish the binding of a transcription factor to its target DNA 
based on direct and indirect interactions. Depending on the type of 
contacts used for DNA recognition we differentiate TFs where the 
residues contact the DNA bases and get stabilized by the contacts at 
the sugar-phosphate backbone, those establishing hydrogen bonds 
with either the minor or the major groove, and those that induce a fit 
and cause a geometry disruption in the structure to create contacts.  

While TFs bind DNA in regulatory regions, TF co-factors (co-
repressors and co-activators) do not necessarily have a specific binding 
motif but are required to catalyze enzymatic reactions. In higher 
eukaryotes, transcription by the pol II molecular machine is initiated 
through the assembly of the pre-initiation complex (PIC) near the 
transcription start site (TSS), where transcription factors get recruited 
(see Figure 8). Gene expression mechanisms are controlled in time and 
space through these complex processes. The interaction of regulatory 
elements and DNA determines the transcriptional levels and the 
activities of individual enhancers and promoters. 
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Figure 8. Steps of transcription from core promoters. A) The first step 
of transcription initiation is the assembly of the pre-initiation complex 
(PIC), the RNA polymerase II (Pol II) recruitment and six general 
transcription factors (GTFs). B) After PIC assembly, the DNA duplex at 
core promoters melts (not shown) and allows Pol II to initiate 
transcription at the transcription start site (TSS). To continue 
transcribing, Pol II must dissociate (escape) from the TSS-binding 
GTFs. C) After escaping from the TSS, Pol II synthetizes a short stretch 
of nascent RNA (~30–50 nucleotides) and then pauses downstream of 
the TSS. Image adapted from (38). 

 
 

3.2. DNA-Protein Binding Mechanisms 
 
The recognition of a DNA by a protein can either be highly 

specific, uniquely recognizing a defined sequence (consensus 
sequence) with high affinity, or non-specific, without a significant 
preference for binding to a specific nucleotide sequence. The 
recognition of a DNA sequence by a protein is a very complex process 
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that often involves many elements. Up to this day, it has not been 
possible to define a simple code for DNA recognition mechanisms (37). 
However, some patterns have been observed and some characteristics 
have been defined based on structure-determination experiments and 
molecular simulations.  

Non-specific protein-DNA binding has been extensively 
observed across genomes of different organisms (39). Two 
fundamental mechanisms characterize this type of binding (40): (i) the 
overall electrostatic attraction between protein and DNA, and (ii) the 
geometry of DNA. In the first mechanism cationic residues of the 
protein bind to either the phosphates or the negative electrostatic 
potential present within the DNA grooves. In the second mechanism, 
the helical arrangement of DNA serves as a template for the non-
specific binding of recognition proteins which exhibit a 
complementary helical configuration. 

Specific binding occurs through two strategies broadly known 
as “direct” and “indirect” readouts (37). In a direct readout the DNA 
sequence is identified through specific interactions between amino 
acid sidechains and base groups exposed at the protein-DNA interface. 
It typically occurs through the formation of hydrogen-bonds between 
the bases and proteins through either the major or the minor groove 
(41). The unique arrangement of hydrogen bond donor and acceptor 
sites for each dinucleotide within the grooves provides the specificity 
utilized by proteins to discriminate specific DNA sequences. In the 
major groove more specifically, we observe the presence of two 
hydrogen bond acceptors and one donor group in all four dinucleotide 
pairs (see Figure 9). In addition, a methyl group located at the C5 
position of thymine can engage in van der Waals interactions. 
Discrimination amongst DNA sequences is achieved on the basis of 
differences in hydrogen bonding patterns between base pairs (i.e. the 
C•G Watson-Crick base pair has a distinct pattern than the G•C base 
pair). The A•T and T•A base pairs have symmetrical donor/acceptor 
patterns in their major groove, but the presence of the C5 methyl group 
of thymine introduces variations in the groove that can facilitate 
effective distinction between these two base-pair sequences. 
Conversely, the hydrogen bonding patterns in the minor grooves of 
each pair of sequences are symmetric (i.e. the N2 atom of G provides a 
hydrogen bond donor at the center of the minor groove for both C•G 
and G•C dinucleotide pairs), making the sequence discrimination 
based on the minor groove direct reading a more complex process. 
Although the major groove is usually preferred for binding in a direct 
readout, some regulatory and structural proteins exhibit a target 
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binding site in the minor groove, including proteins that are able to 
deform DNA and expand the groove (42). 

 

 
 

Figure 9. Base readout in the major and minor grooves 
 
Contrary to the direct readout, in the indirect readout, proteins 

read out DNA sequences by detecting sequence-dependent variations 
in structure and flexibility. This readout is defined by the interaction 
of structural elements of DNA that do not involve base pair hydrogen 
bonds. The indirect readout it is characterized by the ability of the 
DNA to adopt a “bioactive conformation” which is required to interact 
with the target protein. One of the key elements is the size of DNA 
grooves, specially the major one. Groove-width fluctuations are 
themselves sequence-dependent and describe the DNA accessibility. 
Many experimental techniques have shown narrower A/T-rich minor 
grooves through a large number of oligonucleotide crystal structures. 
Other studies provided evidence that A/T regions have a higher 
flexibility than G/C ones, and that particular features such as 
preferential ion binding often result in narrower minor grooves for A-
tracks (43–46).  

Considering all the variables involved and the different kinds 
of proteins, the overall rules governing DNA-protein recognition are 
still unclear. Despite the existence of cases where binding can be 
explained by the direct or indirect readout mechanism, in the majority 
of cases we find a combination of both readouts during specific protein 
binding events (47).  
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3.3. Experimental study of DNA-protein binding 

 
Large advancements in high-throughput sequencing 

techniques have exponentially increased the available experimental 
data from known effector protein binding sites. Some of these 
techniques include high-throughput SELEX experiments (HT-SELEX) 
(48–50) and protein binding microarrays (PBM) using either synthetic 
sequences (uPBM) (51) or sequences coming from the genomic context 
(gcPBM) (52). These in vitro methods will output a set of sequences of 
varying lengths and provide the necessary information in order to 
classify binding affinities for a given protein. ChIP-seq approaches (52–
54) allow the attainment of the in vivo preferences through the 
immunoprecipitation of chromatin by specific protein-antibodies 
followed by the sequencing of the retained fragments. This technique 
provides direct information on the active binding sites under 
physiological conditions, but it also comes with a downside as it 
presents a poorer resolution, having ChIP-seq scaling down to 200bp ± 
300 and ChIP-exo down to 50bp (53–55).  

 

3.4. Theoretical methods to study DNA-protein binding 
 
TFs typically recognize and bind short sequences (6-20 bp), 

which can then be summarized as binding motifs (54, 56). Motifs are 
usually visualized using sequence logos where at each position 
nucleotide letters are stacked with their heights being proportional to 
their frequencies (see Figure 10). Conventional theoretical methods to 
predict TF binding sites often rely on the positional weight matrices 
(PWM) based on these motifs. Initial methods assumed that the 
nucleotide preferences at each position were independent from each 
other, but the latest PWM models have increased their capability to 
capture interdependence amongst the positions (57, 58). However, 
these models present some limitations (59, 60) which led to the 
development of alternative approaches aiming to reproduce in vivo 
and in vitro experimental binding sites. Models designed for in vitro 
binding site predictions utilize nucleotide sequences and diverse DNA 
shape descriptors as input parameters (60–62). Conversely, methods 
for in vivo binding site predictions integrate naked DNA descriptors 
with those associated with chromatin structure and dynamics 
(RNAseq, DNase, etc.). The increasing amount of experimental data 
has also motivated the use of a variety of ML and AI methods (63–73) 
to predict protein binding sites. In this thesis we will study the 
sequence-preferences and the rules governing TF-protein recognition 
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and we will investigate the prevalence of base versus shape readout 
mechanisms. This will allow us not only to predict the binding motifs 
but also to better understand sequence specificity analyzing the 
conformational selection versus an induced fit binding that could 
explain conformational changes in DNA. In order to do so we will be 
using a combination of experimental data coming from various 
techniques and a machine learning algorithm for the prediction.  

 

 
 

Figure 10. TF binding sites are transformed into a position frequency 
matrix (PFM) which gives the PWM used to generate the motif plot 
from a binding site. Image adapted from (74) 

 
4. Chromatin Structure and its role in transcription 

 
Transcription factor binding is often highly correlated with 

DNA accessibility (34–36). Much like proteins, DNA exhibits a 
quaternary structure in its compaction which results in a higher-level 
nucleic acid organization that defines chromatin. This motivates the 
need to further study the compaction of DNA at various levels of 
details.  

At the simplest level, chromatin is defined by a double-stranded 
helical structure of DNA. The compaction of DNA takes place through 
the recruitment of ions and proteins which guide the interactions 
between DNA and histones, leading to the assembly of nucleosomes. 
Even though the human DNA fiber is about 2m long, these structures 
fold-up in a tight manner to produce chromatin fibers which then form 
loops in an organized manner to fit inside a small space defined by the 
cell nucleus with a diameter of approximately 10µm (75) (see Figure 
11). 

Experimental evidence has shown that chromatin is dynamic 
and undergoes changes in its organization through different cellular 
processes such as differentiation (76) cell cycle progression (77) or 
DNA damage response (78). Chromatin is known not to be randomly 
distributed in the nucleus but rather differently concentrated in 
different nuclei regions (76, 79, 80). Consequently, DNA organization 
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does not only provide space-restricted compaction but also protects 
the genome from damage and generates entry points for biologically 
relevant processes such as transcription, DNA replication or DNA 
repair (81). Therefore, the relevance of understanding the landscape of 
DNA compaction is clear and in the following sections the different 
levels of compaction will be explained in detail. 

 

 
 

Figure 11. DNA organization and chromatin compaction at different 
levels of details, from the simplest DNA double helix up to the 
chromosome level. Image adapted from (82). 

 
4.1. The nucleosome 

 
DNA organization is aided by proteins that guide its folding in 

eukaryotic cells. Its helix coils up around histone proteins to form the 
primary units of genome organization, the nucleosomes. A canonical 
nucleosome consists of an octamer of histones, two copies of each 
histone H2A, H2B, H3 and H4, around which the DNA wraps 1.65 
times (see Figure 12). The central bases of the DNA stretch align with 
a pseudo 2-fold symmetry axis, known as the dyad axis. Nucleosome 
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formation requires a significant bending energy due to the high 
curvature of the DNA within the nucleosome. This structure is 
stabilized by the interaction between the positively charged histones 
and the negatively charged DNA backbone that form interactions 
every 10 base pairs (83). In addition, early X-ray crystal structures of 
the nucleosome (84, 85) revealed that histone proteins are defined by a 
globular domain that constitutes the nucleosome core and N-terminal 
histone tails. These histone tails, which are known to be unstructured 
and flexible, can undergo post-translational modifications 
(methylation, acetylation, ubiquitination) which can alter chromatin 
accessibility. 

 

 
 

Figure 12. A) Schematic representation of the nucleosome structure 
with the dimer of tetramers, the respective tails, the linker histone, and 
the DNA stretched (picture adapted from 
https://eloisenewman.myportfolio.com/how-dna-is-organised-
nucleosome-structure) . B) X-ray structure of the nucleosome core 
particle adapted from (86). The structure shows the two strands of the 
double-helix in purple and green, with the protein core in grey and the 
curvature of DNA around the histone core, with the dyad at the top 

 
The DNA wraps around the histones in parallel, except at the 

entry and exit points of higher eukaryotes where linker histones (H1 
or H5) bind. Connected by stretches of linker DNA, several 
nucleosomes are aligned into arrays of 10 nm in diameter. During this 
thesis I have mainly focused on the chromatin organization of yeast, 
where no additional histones are found. Nonetheless, in higher order 
organisms we find that nucleosomes are complemented by an 
additional H1 histone to form the chromatosome.  

 

A) B)
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4.1.1. Other complex organisms 
 
High resolution genomic maps of the budding yeast have 

emerged in recent years allowing comprehensive studies which helped 
clarify some of the mechanisms underlying the link between chromatin 
structure and gene regulatory mechanisms. However, such context has 
not yet been established in higher order eukaryotes, with many 
questions left to be answered and other factors coming into play. For 
example, the linker H1 histone binding to the DNA in order to form 
the chromatosome in more complex organisms. Previous research has 
proved that the H1 histone plays an important role in the organization 
of chromatin and consequently in the regulation of genes (87). The 
linker histone binding is positively correlated with nucleosome 
stability and the H1 position deviation relative to the dyads seems to 
be connected with a shift in nucleosome positions. Furthermore, H1 
occupancy presents an inverse correlation against the nucleosome 
distance to the transcription start sites, with a lower correlation in 
genes with lower transcription levels. The precise role of the linker 
histone remains elusive, but something that is well conserved across 
species is the relevant role that nucleosome positioning and chromatin 
accessibility play in gene expression, regulation and other 
fundamental processes.  

 
4.2. Chromatin at the 2D level 

 
This thesis will shed some light on the conservation of 

underlying rules encompassing chromatin structure across 
eukaryotes. In order to do so it is essential to study the mechanisms 
governing the 2D and 3D architectures of chromatin to understand the 
role that chromatin plays in biological systems. 

 
4.2.1. Nucleosome positioning across the genome 

  
Nucleosome positioning is determined by an interplay of 

multiple factors including the DNA sequence, transcription, chromatin 
remodelers, histone modifications or non-histone barriers amongst 
others. Physical-chemical properties are known to regulate the 
nucleosome preferences in genomic DNA (33). These define a hidden 
physical code which indirectly controls gene expression. However, the 
physical fingerprint of a DNA sequence can undergo significant 
modifications by its sequence or by epigenetic changes. Consequently, 
the physical code not only directly determines high affinity positions 
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for binding transcription factors and transcription machinery, but also 
does so in an indirect way by influencing nucleosome positioning.  

The positioning of nucleosomes within genomes in vivo has 
been determined through a variety of experimental methodologies, 
including FAIR, ATAC-seq, and MNase-seq (88–90), with the latter 
method giving the most comprehensive insights into nucleosome 
architecture (see Figure 13). This technique is based on an initial cross-
linking of histones and nucleosome DNA using formaldehyde, 
followed by enzymatic treatment with Micrococcal nuclease (MNase) 
to cleave linker fragments. After the removal of the enzyme and the 
reversal of the cross-linking, the remaining undigested segments are 
then sequenced in order to determine nucleosome positions (90). 

 

 
 

Figure 13. Various experimental techniques which allow us to quantify 
the positioning of nucleosomes across a genome. Image adapted from 
(91). 

 
 These experimental techniques often involve a population of 

cells which define rather noisy profiles (32), described by two 
attributes: occupancy and positioning (illustrated in Figure 14). The 
former corresponds to the proportion of cells in an experiment that 
contain a specific nucleosome, while the latter defines the variability of 
genomic positions it occupies among all cells. A nucleosome is 
classified as well-positioned (W) when it is prevalent across a 
substantial proportion of cells, and its fragments across different cells 
exhibit minimal variance regarding their genomic positioning. 
Conversely, a nucleosome with low coverage and/or substantial 
variability in its positioning is denoted as fuzzy (F). 
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Figure 14. Schematic representation of nucleosome occupancy and 
positioning. A nucleosome in a pool of cells can be characterized by the 
relative number of cells that contain it (occupancy) and the variability 
between cells in the sequence position (positioning). Image adapted 
from (92). 

 

4.2.2. Determining nucleosome positions 
 
After performing an experimental sequencing technique, the 

reads are often stored in a FASTA or FASTQ file format. These reads 
are then mapped to a reference genome with an aligner such as Bowtie 
(93) to obtain a SAM or BAM file with the corresponding genomic 
positions of the aligned fragments. Mapped fragments that pass the 
quality control filters are then processed with a nucleosome 
positioning software. Our research group previously developed 
nucleR (94, 95) for this purpose, and through this thesis all nucleosome 
position calls have been performed using this R package. The 
following steps summarize the pipeline that nucleR follows when 
processing the mapped fragments: 

 
1. In order to only keep mono-nucleosomes, fragments wider 

than 170 are discarded (see Figure 15A-B). 
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2. MNase digestion can present variability among cells. That is 
why as a second step fragments are trimmed to 50bp 
maintaining the original center to remove noise from regions 
in the nucleosome coverage profile (see Figure 15C). 

3. The nucleosome coverage per base pair is computed 
genome-wide and transformed to reads per million mapped. 

4. A Fast Fourier Transformation is used to filter noise but to 
still keep 1% or 2% of the principal components in human 
and yeast experiments, respectively (see Figure 15D). 

5. Lastly, nucleosome peak calling is performed often using the 
default parameters: peak width 147 bp, peak detection 
threshold 35%, maximum overlap 80 bp and dyad length 50 
bp. Nucleosome calls are considered well-positioned (W) 
when nucleR peak width score and height score are higher 
than 0.6 and 0.4, respectively, and as fuzzy (F) otherwise (see 
Figure 15E). 

 
 

 
 
 

Figure 15. Nucleosome Positioning quantification steps from MNase-
seq data using nucleR (94, 95). 

 

4.3. Chromatin structure at higher level 
 
Nucleosomes are connected by linkers creating a bead-on-a-

string array that folds and assembles into the 3D space. Early electron 
microscopy experiments and in vitro reconstituted nucleosomes 
claimed a regular folding into 30-nm fibers, but different folding motifs 
were identified (96–100). However, in vivo studies questioned this 
claim and found evidence that the folding occurred in a more irregular 
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manner (101, 102). Recent super-resolution microscopy has revealed 
that indeed the chromatin fiber is not a regular structure but rather 
presents irregular regions distributed in an uneven way, formed by 
groups of varying sizes that can be linked to different cell types (103, 
104). Furthermore, other techniques have been developed to analyze 
the 3D structure of the nucleosome fibers within the nucleus. 
Chromatin conformation capture (3C) techniques have shed some light 
on the arrangement of the nucleosomes by cross-linking interacting 
chromatin regions, digesting them with restriction enzymes, and then 
ligating the cross-linked fragments to identify physical interactions 
between distant genomic regions. Hi-C and Micro-C (75, 105, 106) are 
some of the 3C technologies that are able to quantify the frequency of 
genome-wide interaction between pairs of loci. Hi-C allows the study 
of the chromatin structure at kilo base scale whereas Micro-C can study 
the contacts at the nucleosome level.  

The study of chromatin at a higher level of organization has 
shown a hierarchical organization in the nuclear space. Hi-C 
experiments exemplified the separation of chromosomes into 
territories as we observe larger contact frequencies between regions in 
the same chromosome, also known as cis-contacts, in comparison to 
those found amongst regions from different chromosomes, trans-
contacts (107). As previously observed by FISH experiments, contact 
frequencies revealed the segregation of A/B compartments which 
correlate to an actively transcribed chromatin (euchromatin) and an 
inactive counterpart (heterochromatin) (108) (see Figure 16). 
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Figure 16. A higher-level view of chromatin organization. A) Schema 
of the features of chromatin folding at different scales, and B) the 
appearance of the underlying Hi-C contact map that allows deduction 
of the topological feature Image adapted from (109). 

 

4.3.1. TAD formation 
 
These studies have observed that chromatin is organized into 

topologically associated domains (TADs), regions which highly 
interact with themselves but are insulated from neighboring regions 
(107). TADs have been linked to loops formed in order to bring closer 
in proximity regulatory elements that are separated by a large genomic 
distance, such as enhancers and their target sites (110–113). In smaller 
genomes such as S. cerevisiae, Hi-C initially failed to detect the 
presence of TADs (114) but Micro-C allowed the detection of 
chromosomal interaction domains (CIDs) (105, 106). TAD borders in 
mammalian cells are known to strongly colocalize with CTCF (a zinc 
finger protein, CCCTC-binding factor) target sites (115) but not in 
organisms such as D. melanogaster, where the role of CTCF in TAD 
insulation is lower, or S. cerevisiae, where we do not find this protein 
nor a homolog. In these organisms, we usually find TAD or CID 
borders associated with promoters of actively transcribed genes, 
typically bound by the RSC remodeling complex (105, 116). Enhancer-
promoter interactions and the co-localization of functionally related 
genes seem to be favored by TADs and thus get associated with 
transcription activation (80, 117). Furthermore, Micro-C contact 
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frequencies have shown an anticorrelation between chromatin 
compaction and transcriptional activity (105). Altogether, the study of 
TAD and CID formations is of relevant importance as it contains a 
straight link with regulatory mechanisms.  

 
4.3.2. Chromosome territories 

 
Chromatin is organized into TADs which form functional 

compartments (Figure 16). As previously mentioned at the whole 
nucleosome level, 3C techniques have shown that these compartments 
further aggregate into distinct chromosomal territories (see Figure 16). 
More specifically, chromatin clusters into two types of conformations: 
(i) an open 10 nm conformation, termed euchromatin, which is 
predominantly localized in the inside of the nucleus, where it allows 
gene transcription, and (ii) compacted regions, termed 
heterochromatin, which cluster in the nuclear periphery (118, 119). 
This division separates the nucleus into transcriptionally active and 
silenced regions, generating a fundamental level of gene regulation 
(81) (see Figure 17). 

 

 
 

Figure 17. (A) Chromatin division into active euchromatin which 
occurs as an open 10 nm fiber and an inactive 30 nm condensed 
heterochromatin seen as a graphical illustration and (B) light 
microscopy image of mammal cells (image adapted from 
https://mmegias.webs.uvigo.es/02-english/5-celulas/4-cromatina.php).  

 

A)

B)
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The positioning of nucleosomes and the higher order chromatin 
organization are key elements in determining the accessibility of 
chromatin and consequently what elements affect gene expression, 
regulation and other fundamental processes. It is thus essential to 
study the mechanisms governing the 2D and 3D architectures of 
chromatin to understand the role that chromatin plays in biological 
systems. 

 
4.4. Chromatin structure models 

 
The capacity to gather comprehensive chromatin contact 

information through Hi-C and Micro-C experiments has motivated the 
development of various physical models aiming to explain the 3D 
genome conformation. These models originate from the observation 
that contact frequencies show similar decay patterns than those 
observed in polymer physics (120). We classify these models into two 
groups, ‘bottom-up’ versus ‘top-down’ models. The first set tries to 
reproduce the observed contact frequencies from 3C models by 
formulating a hypothetical mechanism of chromatin folding (121–125). 
These methods propose to model chromatin as a co-polymer given the 
clear correlation between TADs and chromatin modifications (see 
Figure 18A). Larger attractions or repulsions can be dictated by many 
factors such as epigenetic marks or concentration of protein binding 
sites acting as looping factors. The ’top-down’ approach, starts by 
using the information from the 3C experiments, using the contact 
frequencies as restraints, and explores potential configurations of the 
chromatin in 3D. These models aim to deduce the mechanisms of 
chromatin folding and obtain structures that resemble the original 
contact data (114, 120, 126). One example of such models tries to search 
for a consensus structure that will minimize the deviations between 
the distances in the model and those derived from the experimental 
data (127–130) (see Figure 18B). This strategy assumes that higher 
frequencies of contacts mean shorter distances between loci. Since 3C-
based data is obtained from a population of cells, the consensus 
structure represents an average that does not necessarily reflect the 
observed structures at a single cell resolution. One alternative to these 
strategies comprises resampling models, which similarly make a 
conversion from contact frequencies but obtain an ensemble of 
structures by optimizing multiple minima (131–133). Another 
alternative, deconvolution methods, transforms the contacts into 
single structures utilizing a subset of the original frequencies to 
provide an ensemble of possible configurations (134, 135). 
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Figure 18. A) ‘Bottom-up’ Coarse-grained modeling of a chromatin 
fiber. Adapted from (130). B) ‘Top-down’ coarse-grained modeling of a 
chromatin fiber. Image adapted from (134). 

 
 
Chromatin modeling provides us a deeper understanding on 

the role that chromatin plays in biological processes. These models can 
be used to better comprehend the elements that can affect chromatin 
organization not just under normal physiological conditions but also 
under DNA damage states. This broader understanding will give us a 
clearer idea onto the main factors that affect not just regulatory 
mechanisms but also cell integrity. 

 
5. Elements that can affect chromatin organization 

 
5.1. DNA Lesions 

 
Gene expression mechanisms and chromatin organization can 

be severely altered in response to DNA damage agents which can 
disrupt cell homeostasis and promote diseases. The sources of DNA 
damage can be categorized into endogenous, which occur naturally 
within the cell, and exogenous, which are caused by external factors. 
Some examples of endogenous sources include oxidation through 
reactive oxygen species (ROS), hydrolysis, alkylation or methylation 
(136, 137). External environmental factors comprise various lifestyle 
components, as well as viral exposure, ionizing (IR) radiation, 
ultraviolet (UV) radiation or chemical agents (137). Globally, DNA 
damage cells undergo changes in their characteristics during DNA 

A) B)
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damage conditions while DNA repair mechanisms are promoted 
through modifications in chromatin organization. For example, some 
studies have shown a high concordance between epigenetic marks and 
UV radiation response (138, 139) and a clear link between irradiation, 
a disruption of the chromatin architecture and reorganization of 
nucleosomes (105, 140). However, the exact alterations and chromatin 
dynamics upon DNA damage response are still poorly understood. 

In this thesis we will study one of the major DNA damage 
mechanisms that are currently known, oxidative stress, and its effects 
upon chromatin structure in the yeast genome. 

 

5.1.1. Oxidative Stress 
 
An excess in Reactive Oxygen Species (ROS) produces oxidative 

stress to the cell. Concretely, this occurs when antioxidant molecules 
or enzymatic systems are not capable of removing the excess of 
chemically reactive species which contain oxygen (141, 142) (i.e., 
hydrogen peroxide (H2O2), hydroxyl radical (•OH), or superoxide 
anions (O2-)). This causes DNA damage which has been observed to be 
involved in more than 100 types of DNA base modifications that cause 
single or double strand breaks (143) and ultimately affect cell integrity 
(144). When antioxidant defenses are unable to counteract ROS, 
oxidative stress can damage nucleic acids, oxidize amino acids, and 
affect co-factors of proteins (145, 146). In addition, oxidative stress has 
been associated with aging and other complex conditions such as 
cancer and neurodegenerative diseases. Antioxidant mechanisms have 
been characterized in a series of studies in order to better understand 
the endogenous and exogenous responses to the stress (147–151). The 
molecular mechanisms which underlie the reactions to oxidative stress 
are still unclear. Furthermore, even though some studies have 
analyzed the expression of genes related to stress response, the exact 
signaling mechanisms that activate the response remain unclear (152). 
Nonetheless, it is clear that the correlation links between oxidative 
stress, chromatin reorganization and transcription are of great interest. 

 
5.2. Cell Cycle 

 
Throughout the cell cycle (G1 (growth) -> S (DNA synthesis) -> 

G2 (growth) -> M (mitosis), see Figure 19A), the chromatin undergoes 
several dynamic changes and modifications in its structure.  

Some studies (153) have explored the underlying functional 
significance of these conformational changes, observing an increase in 
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fuzziness during the S and M phases in comparison to the gap G1 and 
G2 phases. Furthermore, a clear correlation between the dynamic 
changes and changes in gene expression has been found, suggesting 
an association between chromatin organization and cell cycle-
dependent gene regulatory mechanisms. At a higher structural level, 
Hi-C experiments revealed a compaction of the chromatin between the 
G1 and M phases (77, 154). These studies showed the dependence of 
the increased compaction achieved in mitosis on cohesin but not 
condensin (see Figure 19B) (154). 

 

 
 

Figure 19. A) Schematic figure of the canonical cell cycle. Image 
adapted from https://en.wikipedia.org/wiki/Cell_cycle. B) Chromatin 
organization throughout the cell cycle in yeast. Chromosome 
individualization occurs through an increase of intra-contacts at S 
phase. Spindle elongation and condensin loading lead to more 
elongated chromosomes during the M phase. Adapted from (77). 

 
Many factors can affect chromatin organization and this thesis 

will try to define some of the main characteristics that define the 
mechanisms that chromatin undergoes under oxidative stress DNA 
damage responses. Given the exponential increase in resources and 
data, it is important to take into consideration the use of state-of-the-
art methods that can approach efficiently and accurately the large 
amounts of existing experimental data. One approach that has received 

A)

B)
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a growing attention giving its performance, has been to use machine 
learning and artificial intelligence to answer complex biological 
questions.  

 
6. Machine Learning & Artificial Intelligence 

 
The amount of available biological data has exponentially 

increased in recent years due to advancements such as the appearance 
of high-throughput sequencing. In addition, the large complexity and 
combinatorial analysis of nucleotide DNA and RNA sequences present 
an extremely complex sequence conformational space that, to this day, 
cannot be solved by experimental techniques alone. The analysis of 
these large amounts of data being generated can be quite complex but 
well suited for a series of computational models known as Artificial 
Intelligence (AI).  

AI encompasses a wide range of methodologies that simulate 
intelligent behavior. Machine learning (ML) is a subset of AI where a 
model learns how to perform a task without explicitly being 
programmed to solve it. It is broadly said that the machine learns once 
it improves with training data while extracting patterns and features 
from it. The definitions of the task and the evaluation of performance 
are subject to the specific challenge that is being treated. Many types 
of problems can be solved by using different ML algorithms, which can 
be divided into three groups: supervised learning, unsupervised 
learning, and reinforcement learning (see Figure 20). 
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Figure 20. ML is an area of artificial intelligence that fits a model to 
previously observed data. ML can in turn be divided into supervised, 
unsupervised or reinforcement learning. Throughout this thesis we 
have been exploring this landscape and selecting the method that better 
suited our data.  

 
 In supervised learning the algorithm models, through training 

data, the link between the features and known output labels with the 
goal to be able to predict previously unseen data. In unsupervised 
learning the output labels are unknown, and the goal is to find patterns 
without human supervision. This can correspond to algorithms that 
will group training examples into clusters, while balancing intra-group 
homogeneity and model complexity, or reducing the dimensionality of 
the analyzed data for different purposes. Lastly, reinforcement 
learning entails methods where an agent rewards a desired action 
while undesired ones get punished. This last set of methods is however 
beyond the scope of this thesis. 

 
6.1. The supervised learning overview 

 
During our supervised learning methods, regardless of the task 

that we are performing, we will always find an input x that is mapped 
to a prediction y. The mapping occurs through a function f[x, 𝜙], 
having y = f[x, 𝜙] where 𝜙 denotes the parameters of the model. When 
we compute the predictions y from the inputs x, we call this inference. 
In the process of training a model we attempt to find the parameters 𝜙 
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that will map each training input to its associated output as closely as 
possible, and we do so by quantifying the degree of mismatch with a 
loss L. More specifically, the loss returns a value that calibrates how 
well a model with parameters 𝜙 predicts the training outputs. We can 
thus summarize the loss as a function L[𝜙] of a model’s parameters, 
and seek the 𝜙" that will minimize the function: 

 
𝜙" = argmin

!
[𝐿[𝜙]]   (1) 

 
This overall quantity that we are trying to minimize is known as the 
cost or objective function. Once we have found the parameters 𝜙 that 
minimize our objective function, we must assess the performance of 
our model. To do so, we predict new values for a separate test set data 
in order to see how well the model generalizes to examples that were 
not previously observed. 

 
6.2. Classification vs. Regression tasks 

 
Two types of learning tasks can be done by ML algorithms: 

classification and regression. In both cases, a real-world input is 
encoded as a vector of numbers and the model tries to map it to an 
output vector, the label. Classification tasks are those where the model 
assigns a discrete label to a set of features either through a supervised 
or unsupervised manner. When the model tries to assign the input to 
one of two categories, we define it as a binary classification given that 
the model only assigns one label or another. If the model assigns the 
input to one of N > 2 categories, we depict this as a multiclass 
classification problem. In this case the model will return a vector of size 
N that contains the probabilities for each of the N categories.  

In regression problems the output is no longer discrete but 
rather continuous and approximated by a real-valued function as 
accurately as possible. This is done by minimizing what is known as 
the cost function which is based on a set of parameters that are 
iteratively optimized with methods such as gradient descent. 
Similarly, if the model predicts more than one continuous output, we 
define this as a multivariate regression problem. Figure 21 shows some 
examples of the different tasks. 
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Figure 21. Regression and classification problems. A) This regression 
model takes a vector of numbers that characterize a property and 
predicts its price. B) This multivariate regression model takes the 
structure of a chemical molecule and predicts its melting and boiling 
points. C) This binary classification model takes a restaurant review 
and classifies it as either positive or negative. D) This multiclass 
classification problem assigns a snippet of audio to one of N genres. 
Image adapted from (155).  

 
6.3. Cost functions 

 
Different cost functions are used for the many different ML 

architectures that exist, and the objective can be to either maximize or 
minimize the selected function. In other words, the cost function is 
defined depending on what we are interested in predicting. These, 
however, can be classified into three groups: 

 
1. Regression cost functions: This group includes functions 

used in regression problems where we minimize the error 
between the predicted and the actual outputs. Some 
examples include the Least squares loss, Mean Error (ME), 
the Mean Absolute Error (MAE), the Mean Squared Error 
(MSE) or the Root Mean Squared Error (RMSE).  
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2. Binary classification cost functions: These are commonly 
used cost functions for binary classification problems. They 
measure the differences between the predicted and actual 
probabilities of a binary output variable. Some examples 
include the binary cross-entropy (also known as the log 
loss), or the Hinge loss. 

3. Multi-class classification cost functions: These include the 
cost functions used for multi-class classification problems. 
Similarly to the binary log loss, they measure the differences 
between the actual and the predicted probabilities of the 
multiple output classes. The most commonly used is called 
the categorical cross-entropy. 

 
 

6.4. Fitting models 
 
The learning process of a machine learning algorithm consists 

on training and fitting the model to find the parameters that will 
minimize or maximize the objective function. This step is known as the 
optimization process, in which we iteratively update the parameters to 
improve the performance of a model. Several algorithms have been 
developed to adjust the parameters of a model’s architecture including 
Newton’s and Quasi-Newton’s methods, Gradient Descent techniques 
(GD), Stochastic Optimization techniques, Evolutionary algorithms, 
Genetic algorithms, Grid Search or the Adaptive Moment Estimation 
(ADAM) algorithm amongst many others. 

There are several techniques that can be used to improve a 
model’s robustness and better assess the choice of parameters. A 
common approach consists on using k-fold cross validation, where the 
training set is divided into k smaller sets and the optimization of 
parameters occurs each time on a different k-sized validation subset. 
The final evaluation of the model will then be done on a never before 
used testing set (see Figure 22). 
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Figure 22. Cross validation scheme illustrated here for the case of K = 
5. The technique involves taking the available data and partitioning it 
into K groups, using K – 1 groups to train the model and evaluating it 
on the remaining group. Lastly, the performances are averaged out 
(161). 

 
 

6.5. Underfitting vs. overfitting, the bias-variance trade off 
 
A machine learning model will learn to reduce a cost function or 

accurately predict classes for a training set. This however does not 
guarantee that the model will perform accurately when predicting 
unseen testing data. The degree to which the model generalizes to the 
test data, partially depends on how representative and complete the 
training data is. When the model fails to predict new data, it often 
means that the model is overfitting or underfitting. When it learns to 
characterize the training examples but these are not a representation of 
the underlying data, the model describes the statistical peculiarities of 
the training data but simultaneously overfits it. Overfitting occurs 
when predictions cannot be generalized, and the cost of the testing set 
is much higher than the cost of the training set. Contrarily, a very 
simple model that is unable to capture the true relationship between 
the inputs and outputs of the data is said to underfit.  

One of the motivations when optimizing a model is to balance 
the cost of overfitting versus underfitting in order to obtain the best 
representation (see some examples in Figure 23). This is known as the 
bias-variance trade-off. As we add capacity to a model, the bias 
decreases, but the variance increases for a fixed-size training dataset. 
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The goal when constructing a ML algorithm is to find the optimal 
balance between its bias and variance. 

 

 
 
 

Figure 23. Overfitted (left panels) and underfitted (right panels) 
classification (top panels) and regression (bottom panels) models in 
comparison to correctly fitted models (middle panels). Image adapted 
from https://www.mathworks.com/discovery/overfitting.html. 

 
6.6. Regularization 

 
In order to reduce the generalization gap between the training 

and test sets we can also add explicit or implicit terms to the chosen 
loss function that will help favor or avoid certain parameters. This 
process is known as regularization.  

The most broadly known techniques are L1 and L2 
regularization. The first method, also named LASSO (least absolute 
shrinkage and selection operator) regularization, penalizes the 
absolute values of the weights (see Eq. 2) while the second one, also 
termed Ridge regularization, imposes a penalty on the sum of the 
squares of the parameter values (see Eq. 3). 

 
𝜙" = argmin

!
-∑ 𝑙"[𝑥" , 𝑦"] + 	𝜆 ∑ 6𝜙#6#

$
"%& 7    (2) 

 
𝜙" = argmin

!
-∑ 𝑙"[𝑥" , 𝑦"] + 	𝜆 ∑ 𝜙#'#

$
"%& 7    (3) 

 
Several techniques have been described to help improve 

generalization, including early stopping, dropout, adding noise, 
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transfer learning or data augmentation amongst others. Nonetheless, 
all of them can be grouped into four principles; those that force the 
function to be smoother (e.g., L2 regularization), those that increase the 
amount of data (e.g., data augmentation), the combination of models 
(e.g., ensembling), or the search for a wider minima (e.g., applying 
noise) (see Figure 24).  

 

 
 

Figure 24. Regularization methods divided into four groups. The first 
group of methods aim to make the modeled function smoother. The 
second ones increase the effective amount of data. The third group of 
methods combine multiple models and hence mitigate against 
uncertainty in the fitting process. Finally, the fourth group of methods 
encourages the training process to converge to a wide minimum where 
small errors in the estimated parameters are less important. Image 
adapted from (155). 

 
Throughout this thesis several ML and AI methods will be used 

to analyze large amounts of data and disentangle the underlying 
elements in gene regulatory mechanisms. More specifically, Chapters 
1 will give a brief overview of the use of a Random Forest Regressor to 
model binding affinities while Chapter 2 the use of a shallow neural 
network allows the prediction of nucleosome depleted regions in 
essential gene regulatory regions. 
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6.7. Random Forest Regressor 

 
A Random Forest Regressor (156, 157) is an ensemble learning 

method used for regression tasks that combines the predictive power 
of multiple decision trees to improve accuracy and mitigate overfitting. 
The forest is built during training, defining each tree from a random 
subset of the training data and features. The final prediction is obtained 
by averaging the outputs of these individual trees in order to enhance 
the generalization capabilities of the model. The inherent randomness 
introduced in the data sampling and feature selection processes 
contributes to the diversity among trees, thereby strengthening the 
model's adaptability to noise and variance. In constructing each 
decision tree within the random forest, the model utilizes metrics such 
as entropy and information gain to determine the optimal splits at each 
node. The entropy (equation 4) is defined as a measure of uncertainty 
or disorder, and calculated using the formula below: 

 
𝐸(𝑆) = 	∑ −𝑝" 	(𝑙𝑜𝑔'	𝑝")(

"%&   (4) 
 
where S is the set of samples, c is the number of classes, and 𝑝" 

is the proportion of samples belonging to class i. Information gain 
quantifies the reduction in entropy achieved by partitioning the data 
according to a given attribute. By maximizing the information gain at 
each node, the decision trees within the random forest ensure that the 
splits are highly informative, leading to more accurate and reliable 
predictions. 

 
6.8. Shallow Neural Network Classifier 

  
A shallow neural network, first motivated by (158) and often 

referred to as a single-layer neural network (157), is a fundamental 
model in the field of ML. In summary, it consists of an input layer, a 
hidden layer and an output layer that are defined by neurons (see 
Figure 25). 
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Figure 25. Schematic architecture of a shallow neural network with 3 
input neurons, a hidden layer of 5 neurons and a final output neuron. 
Image adapted from (https://scipython.com/blog/a-shallow-neural-
network-for-simple-nonlinear-classification/). 

 
Despite its simplicity, a shallow neural network can 

approximate a wide range of functions and effectively solve various 
predictive tasks. Each neuron in the hidden layer receives an input 
signal xi from the ith input neuron, which is linearly combined using 
weights wi and biases b. This linear combination is then passed through 
an activation function g(z) to introduce non-linearity into the model, 
enabling the network to capture complex patterns in the data (see 
Figure 25). Lastly, the outputs of the activation functions are fed into 
the output layer, which produces a final prediction.  

Training a shallow neural network involves adjusting the 
weights and biases to minimize a loss function. This optimization is 
commonly performed using gradient descent algorithms, where the 
gradients of the loss with respect to the weights are computed and 
used to update the new weights iteratively. 

 
Throughout this thesis we will investigate how ML methods 

have the potential to model the whole yeast genome at a very high 
resolution to help untangle essential elements of chromatin structure. 
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Objectives 
 
 
 
 

During this thesis I have used computational approaches to 
study the mechanisms of gene regulation through the study of key 
DNA-protein bindings and chromatin structure definitions. I intend to 
better understand the interplay between DNA sequence, physical and 
mechanical properties, transcription, and chromatin structure, in order 
to extend the current knowledge of genome organization and 
expression processes. The main objective of this thesis is to study the 
gene expression mechanisms and the role that chromatin plays at 
different resolutions both at the two-dimensional and three-
dimensional levels. For this purpose, the following precise objectives 
are proposed and grouped into five sections: 

 
o To characterize Transcription Factor (TF)-DNA binding 

affinities and assess mechanisms for protein-DNA 
recognition. 

 
o To build a machine learning model to predict in vitro TF 

binding preferences integrating sequence-dependent 
physical properties and extrapolating the predictions to 
detect binding sites in in vivo cases. 

 
o To combine different computational tools for the analysis of 

nucleosome positioning while deciphering organizational 
patterns and incorporating the results into a genomic 
context. 

 
o To develop an algorithm that predicts nucleosome 

architectures, such as nucleosome depleted regions, using a 
neural network and statistical positioning techniques. 

 
o To study the conformational changes that chromatin 

undergoes at the 3D level under one of the most common 
DNA lesions, oxidative stress, leveraging a combination of 
experimental techniques, including MNase-seq, ChIP-seq, 
Hi-C, micro-C and micro-C XL. 
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o To study and calibrate the properties of a set of hybrid 

triplexes and build an empirical-based stability predictor to 
scan candidate triplex forming oligonucleotides (TFOs) and 
their role in gene expression mechanisms along the human 
genome. 
 

o To enhance the understanding of the sequence-dependent 
properties of double-stranded RNA (dsRNA) conformation 
and flexibility through the use of molecular dynamics 
simulations and compare them with DNA properties to 
develop a mesoscopic coarse-grained model capable of 
reproducing long dsRNA conformational ensembles. 
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Chapter 1. DNA-protein binding 
 
 
 
 

Transcription Factors (TFs) are proteins that bind specific DNA 
motifs and either repress or activate genes by modulating the 
recruitment of RNA polymerases: the main machinery for gene 
transcription. As explained in the Introduction, TFs can interact with 
and recognize a DNA sequence through different mechanisms that are 
divided into direct (hydrogen-bond interactions) and indirect (shape-
related effects) readouts. The structural modifications required for a 
fruitful DNA-TF interaction can be explained by means of two models 
based on the extend of the conformational changes required to form the 
complex (1): the conformational selection and the induced fit. Previous 
work from our group (1) showed that DNA follows a double 
mechanism to undertake conformational changes in its structure: some 
initial moves along the easiest deformation modes to approach the 
bioactive conformation (following the conformational selection model) 
are then followed by final adjustments which require localized 
rearrangements at the base pair step and backbone level (induced fit 
paradigm). Altogether, previous works suggest that TF-binding could 
be explained by considering the gain in specific TF-DNA contacts, most 
likely modulated by hydrogen bonds across the grooves, and the 
physical and deformability properties of DNA that control the 
accessibility to the “bioactive conformation” and that can be defined by 
sequence-dependent helical parameters (equilibrium values and 
stiffness constants) derived from atomistic MD simulations (2–4).  
 

In this first chapter we discuss the performance of a machine 
learning (ML) based method to reproduce in vitro and in vivo 
Transcription Factor Binding Sites (TFBS). Sequence-based and 
structural descriptors are used as inputs for a Random Forest (RF) 
Regressor trained to predict binding affinities obtained from a variety 
of experimental techniques such as high-throughput SELEX (HT-
SELEX) or binding microarrays (PBM) (5–13). To test the predictor out 
of in vitro conditions, the trained model was used to reproduce in vivo 
data collected by Chromatin immunoprecipitation sequencing (ChIP-
seq) together with in house collected data from nucleosome positioning 
for the same cellular model (yeast). Our results shed light into the 
myriad of factors that can help disentangle the rules governing TFs 
binding affinity and the hidden DNA code regulating genome 
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organization. The final methods reproduce quantitative HTSELEX and 
PBM experimental results with an astonishing accuracy. Ideas to enrich 
the model to approach to in vivo conditions are discussed. 
 
1.1. Experimental Techniques 
 
1.1.1. In vitro preferences  
 
1.1.1.1. PBM 
 

Protein binding microarrays encompass high-throughput 
sequencing techniques that measure the in vitro affinities between a 
protein and various DNA sequences. The arrays measure the 
preferences of a protein towards thousands of sequences at once, 
producing a clear overview of binding specificities. Universal PBMs 
(uPBMs), constitute an example of these techniques which utilize 
custom-designed microarrays containing all 10-mer sequence variants 
(11). This methodology starts by double-stranding a synthetic DNA 
oligonucleotide array, binding a protein directly to the microarray and 
labeling the protein-bound arrays with fluorophore-conjugated 
antibodies. Some variations involve using custom-designed genomic 
context protein binding microarrays (gcPBMs), where the sequences of 
interest are placed within genomic flanking sequences (12) avoiding 
detecting sequences in unrealistic contexts. 
 
1.1.1.2. HT-SELEX 
 

The systematic evolution of ligands by exponential enrichment 
(SELEX) provides a powerful technique to determine the in vitro 
binding preferences of proteins (8). Specifically, this method is based 
on the enrichment of small populations of bound DNAs from a random 
pool of sequences by PCR amplification. The first protocol of this 
technique was then enhanced by high-throughput sequencing (HT-
SELEX) to generate a robust version of the previous technique (9, 10). 
Firstly, a random set of DNA sequences of typically 16-24bps, is mixed 
with the protein of interest and flanked by primers to allow the 
posterior PCR amplification. Several rounds of selection are done with 
the oligonucleotides being sequenced after each round to determine the 
sequences that are preferentially bound. 
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1.1.2. In vivo preferences  
 
1.1.2.1. ChIP-seq 
 

The in vivo binding preferences of proteins in vivo are generally 
measured with Chromatin immunoprecipitation followed by 
sequencing approaches (or variants such as ChIP-exo) (5, 6, 14). In 
order to find the relevant binding sites, an antibody selects the region 
targeted by the target protein before being immunoprecipitated and 
massively parallel sequenced. As a first step, the protocol starts with 
the cross-linking of the protein and DNA with formaldehyde. 
Secondly, the DNA is broken to obtain short fragments that are then 
immunoprecipitated with the selected antibody. Lastly, the cross-
linking of the protein and DNA is reversed, and the DNA gets purified 
and sequenced (fragment lengths typically range between 150 and 300 
bps). This experimental technique has limited accuracy in terms of the 
location of the specific binding site (typically less than 10 bp long) and 
tends to present some biases such as the specificity of the antibody or 
the uneven fragmentation in open versus closed chromatin (15). It is 
thus always important to include a control sample to account for these 
biases. This can include an input DNA before the immunoprecipitation, 
samples immunoprecipitated without antibodies or a sample 
immunoprecipitated using an antibody against a protein that does not 
bind to DNA and is not involved in chromatin modifications. 
 
1.2. Theoretical Techniques 
 

In addition to experimental techniques, the protein binding 
preferences to given DNA sequences can be theoretically studied 
through computational methods which tend to be more cost and time 
effective. Some of the features that aid computational models account 
for DNA sequence encodings, sequence properties modeled as rigid 
base pairs, deformation energy or the electrostatics defined by the 
major and minor grooves.  
 
1.2.1. Positional Weight Matrices (PWM) 
 

Binding affinities have been described for many TFs in different 
organisms and summarized in several databases such as TRANSFAC 
(16) and JASPAR (17). Classical theoretical approaches to predict 
binding affinities use these databases to generate positional weight 
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matrices. Each matrix contains the frequency of every nucleotide in 
every position where the TF is bound and can be expressed as a motif 
logo. The original methods regarded the preferences for each position 
as independent events, whereas later models incorporated sequence 
interdependence to compute binding motifs (18, 19). The information 
provided by the PWMs can then be used to estimate the binding affinity 
of a particular TF to any given DNA sequence by adding the 
corresponding scores for the different nucleotide values.  
 
1.2.2. Machine Learning and Artificial Intelligence 
 

PWMs present well-known limitations (20, 21), fueling the need 
for developing better predictors. Given the large amounts of binding 
data and myriad of descriptors, ML models were posed as a potential 
solution to the problem, but methods available to date are far from the 
desired accuracy. In this thesis we have investigated the capability of a 
Random Forest predictor to model various experimental techniques.  
 
1.2.2.1. Random Forests 
 

Random Forests (RFs) are a ML algorithm based essentially on a 
randomized ensemble of decision trees (22). In order to understand 
how RFs work, it is essential to learn some of the characteristics they 
share with tree-based methods which make them a good fit for many 
tasks: 
 

● Decision trees can model complex relations between inputs and 
outputs without any a priori assumption. 

● Decision trees intrinsically implement feature selection and are 
robust to outliers. 

● Decision trees are easily interpretable. 
 

Learning a decision tree involves optimizing the node splits 
with the descriptors that will maximize the information gained from a 
specific split. In the learning process where we try to reproduce the 
observed data, the goal is to optimize a cost function that is determined 
by the true labels and the predicted ones (more details can be found in 
the Introduction). The randomized ensemble of trees allows the 
algorithm to be more robust and less prone to overfitting the data while 
still allowing a straight-forward interpretation of the model. 
 

In the first publication of this thesis, we demonstrate how TF-
DNA binding can be predicted based on DNA sequence-dependence 
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and physical properties derived from MD simulations. A Random 
Forest Regressor has been built to model binding affinities for a large 
pool of TFs. Using a set of pre-processed data and theoretically defined 
descriptors, we are able to investigate the binding mechanism 
preferences, considering both shape and sequence readouts. The 
chosen regressor is capable of accurately reproducing in vitro binding 
preferences of many TFs, showing that the combination of the chosen 
sequence-based and structural descriptors improves performance over 
previously published methods. After training on 80% of the data, we 
calculated the determination coefficient (R2) between our predictions 
and the experimental values on the remaining 20% of the data. We 
found that our model could reproduce gcPBM data with astonishing 
quality, obtaining an average R2 of 0.93 ± 0.02. When reproducing 
uPBM data we predicted affinities with an average determination 
coefficient R2 = 0.69 ± 0.17. We then applied our ML predictor to two 
datasets from HT-SELEX to obtain an average R2 of 0.70 ± 0.14.  

When comparing our predictor with previously published 
methods (21, 23, 24) DNAffinity outperformed all of them for the 
different experimental techniques. The developed architecture trained 
to reproduce in vitro binding properties, was extended to reproduce in 
cellulo TFs preferences through the introduction of extrinsic factors 
from nucleosome positioning data. Our method predicted many 
potential in vivo binding sites where no experimental evidence of 
binding exists, obtaining an overall True Positive (TP) rate of 94% and 
a False Positive (FP) rate of 7%. More importantly, most FP cases were 
explained by nucleosome occupancy. 
 

Overall, this first publication sheds some light on the extrinsic 
and intrinsic factors that define the first layer of gene regulatory 
networks and illustrate the power of ML approaches to decipher crucial 
elements of chromatin structure. 
 
 
Publication: 
 
Sandro Barissi*, Alba Sala*, Miłosz Wieczór, Federica Battistini, 
Modesto Orozco, DNAffinity: a machine-learning approach to predict 
DNA binding affinities of transcription factors, Nucleic Acids 
Research, Volume 50, Issue 16, 9 September 2022, Pages 9105–9114, 
https://doi.org/10.1093/nar/gkac708 
 
*Equally contributing authors 
Supplementary material for this article can be found in the Annex. 



Exploring the chromatin landscape and gene expression mechanisms  

  64 

References 
 
1. Battistini,F., Hospital,A., Buitrago,D., Gallego,D., Dans,P.D., 
Gelpí,J.L. and Orozco,M. (2019) How B-DNA Dynamics Decipher 
Sequence-Selective Protein Recognition. J Mol Biol, 431. 
2. Ivani,I., Dans,P.D., Noy,A., Pérez,A., Faustino,I., Hospital,A., 
Walther,J., Andrio,P., Goñi,R., Balaceanu,A., et al. (2015) Parmbsc1: A 
refined force field for DNA simulations. Nat Methods, 13. 
3. Lankaš,F., Šponer,J., Langowski,J. and Cheatham,T.E. (2003) DNA 
Basepair Step Deformability Inferred from Molecular Dynamics 
Simulations. Biophys J, 85. 
4. Pérez,A., Lankas,F., Luque,F.J. and Orozco,M. (2008) Towards a 
molecular dynamics consensus view of B-DNA flexibility. Nucleic 
Acids Res, 36. 
5. Mundade,R., Ozer,H.G., Wei,H., Prabhu,L. and Lu,T. (2014) Role of 
ChIP-seq in the discovery of transcription factor binding sites, 
differential gene regulation mechanism, epigenetic marks and beyond. 
Cell Cycle, 13. 
6. Rhee,H.S. and Pugh,B.F. (2011) Comprehensive genome-wide 
protein-DNA interactions detected at single-nucleotide resolution. 
Cell, 147. 
7. Mahony,S. and Pugh,B.F. (2015) Protein-DNA binding in high-
resolution. Crit Rev Biochem Mol Biol, 50. 
8. Smaczniak,C., Angenent,G.C. and Kaufmann,K. (2017) SELEX-seq: A 
method to determine DNA binding specificities of plant transcription 
factors. In Methods in Molecular Biology.Vol. 1629. 
9. Jolma,A., Kivioja,T., Toivonen,J., Cheng,L., Wei,G., Enge,M., 
Taipale,M., Vaquerizas,J.M., Yan,J., Sillanpää,M.J., et al. (2010) 
Multiplexed massively parallel SELEX for characterization of human 
transcription factor binding specificities. Genome Res, 20. 
10. Jolma,A., Yan,J., Whitington,T., Toivonen,J., Nitta,K.R., Rastas,P., 
Morgunova,E., Enge,M., Taipale,M., Wei,G., et al. (2013) DNA-binding 
specificities of human transcription factors. Cell, 152. 
11. Berger,M.F., Philippakis,A.A., Qureshi,A.M., He,F.S., Estep,P.W. 
and Bulyk,M.L. (2006) Compact, universal DNA microarrays to 
comprehensively determine transcription-factor binding site 
specificities. Nat Biotechnol, 24. 
12. Gordân,R., Shen,N., Dror,I., Zhou,T., Horton,J., Rohs,R. and 
Bulyk,M.L. (2013) Genomic Regions Flanking E-Box Binding Sites 
Influence DNA Binding Specificity of bHLH Transcription Factors 
through DNA Shape. Cell Rep, 3. 



Exploring the chromatin landscape and gene expression mechanisms  

  65 

13. Nutiu,R., Friedman,R.C., Luo,S., Khrebtukova,I., Silva,D., Li,R., 
Zhang,L., Schroth,G.P. and Burge,C.B. (2011) Direct measurement of 
DNA affinity landscapes on a high-throughput sequencing instrument. 
Nat Biotechnol, 29. 
14. Rhee,H.S. and Pugh,B.F. (2008) ChIP-exo: A Method to Identify 
Genomic Location of DNA-binding proteins at Near Single Nucleotide 
Accuracy. Curr Protoc Mol Biol, 141. 
15. Park,P.J. (2009) ChIP-seq: Advantages and challenges of a maturing 
technology. Nat Rev Genet, 10. 
16. Matys,V., Kel-Margoulis,O. V., Fricke,E., Liebich,I., Land,S., Barre-
Dirrie,A., Reuter,I., Chekmenev,D., Krull,M., Hornischer,K., et al. 
(2006) TRANSFAC and its module TRANSCompel: transcriptional 
gene regulation in eukaryotes. Nucleic Acids Res, 34. 
17. Khan,A., Fornes,O., Stigliani,A., Gheorghe,M., Castro-
Mondragon,J.A., Van Der Lee,R., Bessy,A., Chèneby,J., Kulkarni,S.R., 
Tan,G., et al. (2018) JASPAR 2018: Update of the open-access database 
of transcription factor binding profiles and its web framework. Nucleic 
Acids Res, 46. 
18. Schneider,T.D. and Stephens,R.M. (1990) Sequence logos: A new 
way to display consensus sequences. Nucleic Acids Res, 18. 
19. Benos,P. V., Bulyk,M.L. and Stormo,G.D. (2002) Additivity in 
protein-DNA interactions: How good an approximation is it? Nucleic 
Acids Res, 30. 
20. Zhao,Y., Ruan,S., Pandey,M. and Stormo,G.D. (2012) Improved 
models for transcription factor binding site identification using 
nonindependent interactions. Genetics, 191. 
21. Zhou,T., Shen,N., Yang,L., Abe,N., Horton,J., Mann,R.S., 
Bussemaker,H.J., Gordân,R. and Rohs,R. (2015) Quantitative modeling 
of transcription factor binding specificities using DNA shape. Proc Natl 
Acad Sci U S A, 112. 
22. Breiman,L. (2001) Random forests. Mach Learn, 45. 
23. Li,J., Sagendorf,J.M., Chiu,T.P., Pasi,M., Perez,A. and Rohs,R. (2017) 
Expanding the repertoire of DNA shape features for genome-scale 
studies of transcription factor binding. Nucleic Acids Res, 45. 
24. Asif,M. and Orenstein,Y. (2020) DeepSELEX: Inferring DNA-
binding preferences from HT-SELEX data using multi-class CNNs. 
Bioinformatics, 36. 

  



Exploring the chromatin landscape and gene expression mechanisms  

  66 

 

Published online 26 August 2022 Nucleic Acids Research, 2022, Vol. 50, No. 16 9105–9114
https://doi.org/10.1093/nar/gkac708

DNAffinity: a machine-learning approach to predict
DNA binding affinities of transcription factors
Sandro Barissi1,†, Alba Sala1,†, Miłosz Wieczór1,2, Federica Battistini 1,3,* and
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ABSTRACT

We present a physics-based machine learning ap-
proach to predict in vitro transcription factor bind-
ing affinities from structural and mechanical DNA
properties directly derived from atomistic molecular
dynamics simulations. The method is able to pre-
dict affinities obtained with techniques as different
as uPBM, gcPBM and HT-SELEX with an excellent
performance, much better than existing algorithms.
Due to its nature, the method can be extended to
epigenetic variants, mismatches, mutations, or any
non-coding nucleobases. When complemented with
chromatin structure information, our in vitro trained
method provides also good estimates of in vivo bind-
ing sites in yeast.

INTRODUCTION

Proteins are the main regulators of gene expression as they
can directly or indirectly inactivate, activate, or enhance the
transcription of DNA. Central elements in this regulatory
system are transcription factors (TFs): modular proteins
that recognize sequences of DNA (typically 6–20 bp long),
helping to recruit RNA polymerases that trigger the subse-
quent transcription of a nearby gene (1,2). The binding of
TFs during normal cell life is difficult to predict (3,4) as it
is modulated by a myriad of effects, such as the presence of
nucleosomes (which in general hinders TF binding) (5,6),
or the formation of clusters that foster cooperativity, gen-
eral chromatin compaction, or even phase separation (7–
9). However, a key requirement for in vivo binding is a good
binding to the targeted naked DNA.

The recognition of naked DNA by transcription factors
is complex and does not follow a common code or a sin-
gle mechanism (1). Based on the degree of structural dis-

tortion that protein induces in DNA, we can distinguish
three binding paradigms (10): (i) Fischer’s lock and key the-
ory (no distortion on DNA from its canonical B-form);
(ii) conformational selection (small to medium deformation
that aligns with intrinsic deformation patterns of DNA)
and (iii) induced fit (large deformations of DNA that are
unlikely to happen in the absence of the protein). Based
on the type of contacts used for DNA recognition, we
can distinguish between TFs interacting mainly with the
DNA backbone, those establishing hydrogen bond interac-
tions with the nucleobases in either major or minor groove,
and finally those disrupting the duplex geometry to gener-
ate stacking contacts. In a similar vein, Rohs and cowork-
ers (1,11,12) defined two main mechanisms for ‘TF–DNA
reading’: the direct readout, related to the formation of
specific interactions of the TF with the nucleobases (typi-
cally by means of hydrogen bonds), and the indirect read-
out, related to the sequence-dependent shape of DNA. Re-
cently, our group extended these ideas by also considering
the sequence-dependent energy cost for changing the DNA
conformation from the unbound to the bound state (10), a
concept that introduces sequence-dependent flexibility as a
determinant of sequence-dependent binding.

Most data on the sequence preferences of TFs, i.e.
the TFBSs (transcription factor binding sites), rely on
high-throughput experimental techniques such as high-
throughput SELEX experiments (HT-SELEX; (13–15)),
protein binding microarrays (PBM) using either synthetic
sequences (uPBM; (16)) or sequences from the genomic
context (gcPBM; (17)), or fluidic engines such as HITS-
FLIP (18). The final output of these in vitro techniques is
a list of DNA sequences of different lengths (depending on
the experimental method, from 10 in HT-SELEX to 36 in
PBM) with an associated estimate of their binding affin-
ity for a given TF. The in vivo preferences are typically de-
rived from ChIP-seq approaches (or variants such as ChIP-
exo) (19–21), where the chromatin is immunoprecipitated
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by TF-specific antibody and the retained chromatin is then
sequenced. The technique is noisy, as it uses cell popula-
tions, and the resolution is poor (200 bp ± 300 in ChIP-seq,
and down to 50 bp in the case of ChIP-exo) (20,21), but it
provides direct evidence of the active TFBS under physio-
logical conditions.

Traditional theoretical approaches to predicting TFBS
are based on positional weight matrices (PWM) and their
associated logos (22,23). While original versions assume the
independence of nucleotide preferences at each position, the
newest PWM models can capture some of the sequence in-
terdependence (23,24), increasing their reliability. However,
the limitations of PWM models are well known (25,26),
which has fuelled the development of alternative methods
relying on an extended set of descriptive parameters and
last-generation learning models. We can broadly classify
these new predictive models based on whether they aim to
predict in vivo or in vitro TFBS. Those for in vitro TFBS pre-
diction use the nucleotide sequences and a variety of DNA
shape descriptors as input parameters (12,26,27). Methods
for in vivo TFBS prediction are typically focused on human
genomes, and complement the descriptors of naked DNA
(typically sequences) with ones related to chromatin struc-
ture and dynamics (RNAseq, DNase, conservation profiles
etc.). Experimental data have been widely used to train a va-
riety of machine learning and deep learning methods (28–
38) to predict TFBS.

We present here a physics-based ML approach to TF
binding affinity prediction in vitro that uses the physical
properties of DNA directly derived from molecular dynam-
ics (MD) simulations (39–41). These properties consider
both the equilibrium geometry and the flexibility, as de-
fined by Olson (42), to describe DNA conformation with
sequence-dependence at a base-pair step (bps) resolution.
The importance of these conformational properties for the
study and prediction of DNA behavior and preferences has
been proved in numerous studies (42–48).

Our method uses these DNA physical properties to train
a random forest regressor to reproduce uPBM, gcPBM and
HT-SELEX data for a large variety of protein families, and
yields results that outperform currently available methods.
We then use this in vitro trained method to explore in vivo
binding sites of the transcription factor CBF1 in yeast, one
of the very few TFs for which we have experimentally avail-
able data for both in vitro (PB-exo) and in vivo (CHIP-
exo) binding. When in vitro predictions were combined with
chromatin structure as determined by nucleosome position-
ing maps, our method has shown state-of-the-art predictive
power in identifying in vivo TPBSs.

MATERIALS AND METHODS

Datasets for training and testing

There is a variety of data on in vitro TF binding pref-
erences, covering a variety of proteins and measuring
techniques. HT-SELEX data were taken from 2 dif-
ferent studies (European Nucleotide Archive ENA PR-
JEB14744 and PRJEB29730) and processed using the asso-
ciated package (https://bioconductor.org/packages/release/
bioc/html/SELEX.html). The combined databases contain

information on 600 TFs from >30 different protein fam-
ilies. TFs with no k-mer (10 bases) with at least 100
counts in 0th order SELEX cycle were removed from the
training set as they have no clear binding motif (as dis-
cussed in (13)). As reported in the literature (13), train-
ing and testing were done using data from the penul-
timate SELEX cycle provided in the databases. uPBM-
data were taken from the DREAM5 challenge contain-
ing information on binding preferences of 35-mer oligos
for 66 mouse TFs (49). The 50 oligos with the highest
affinity to a given TF were used to define a PWM (50),
which was then used to align the sequences and derive the
most probable binding site (a shorter k-mer, typically 12-
mer). Finally, for gcPBM data, sequences already aligned
around the putative binding site placed at the center of
36mer genomic were used; more specifically, sequences for
the TF dimers Mad1/Max (‘Mad’), Max/Max (‘Max’), c-
Myc/Max (‘Myc’) and CFB1 (Gene Expression Omnibus
accession numbers GSE59845 and GSE44604 respectively)
(17,50–52). Possible multiple binding sites were removed us-
ing a previously published protocol (26).

In vivo binding data for CBF1 were taken from ChIP-
exo maps of Saccharomyces cerevisiae (GSE44604 and
GSE147927) (17,52,53) and were used to perform a proof
of concept of the ability of the in vitro CFB1 binding predic-
tor to detect in vivo binding sites. Data on chromatin used to
discuss the differences between in vitro and in vivo binding
profiles were taken from previously published nucleosome
maps in the same cellular model (5,54).

All ID and references to the datasets used for training and
testing are summarized in Supplementary Table S1.

Feature classes

For the training of the machine learning (ML) algorithm,
different classes of features were used:

• Sequence composition: presence. For each k-mer, a vector
of counts for the 256 possible tetramers that show up in
a given k-mer was calculated, using a sliding window of
length 4 and simply adding occurrences. For instance, the
6-mer ‘AAAAAT’ would have two counts for the tetramer
‘AAAA’, one for ‘AAAT’ and none for the remaining 254
tetramers.

• Indirect readout: base pair parameters. The base pair pa-
rameters (equilibrium values and the diagonal compo-
nents of the stiffness constant matrix, called AVG and
DIAG respectively, (37–39)) for each individual base pair
step movement (translational: shift, slide and rise, and ro-
tational: tilt, roll and twist) were considered. The values
were retrieved from a dataset that covers all the unique
base pair steps in all the possible tetranucleotide environ-
ments from microsecond-long molecular dynamics sim-
ulations (10,41). All data used to characterize tetramers
are available in our BigNASim database (55).

• Direct readout. The electrostatic patterns of each base
(hbond acceptor/donor or hydrophobic) were considered
using the scheme below (see Supplementary Figure S1)
(12). Our method assigns integers (–1, 0, +1) to acceptors,
hydrophobic sites and donors respectively, and for each

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/50/16/9105/6677319 by guest on 22 February 2024



Exploring the chromatin landscape and gene expression mechanisms  

  68 

 

Nucleic Acids Research, 2022, Vol. 50, No. 16 9107

Figure 1. General scheme of the ML training strategy.

overlapping tetramer along the DNA sequence sums the
relative values along columns. For the minor groove, since
the flanking sites are always –1, they are omitted and we
keep only the middle value. In total, for each tetramer the
electrostatics are explained by five values, for example, for
‘AACT’ [–1, +1, –1, 0, 0] + [–1, +1, –1, 0, 0] +[0, +1, –1,
–1, +1] + [0, –1, +1, –1, 0] = [–2, 2, –2, –2, 1].

All the references to the features used are summarized in
Supplementary Table S1.

Machine learning training

Features described above were used as descriptors, and they
were attributed to each overlapping tetramer in the k-mer
sequence under study (see Supplementary Figure S2). Ex-
perimental affinities in databases were used as labels for a
Random Forest regressor (56). A train/test ratio of 80/20
on the experimental data (HT-SELEX, uPBM and gcPBM)
(see Scheme) was used to reduce overtraining artifacts. The
R2 regression scoring function, Pearson correlation (r) and
MSE (mean squared error; see Supplementary Methods
for details) between the predicted and experimental affinity
(56) was used to validate the accuracy of the model (Fig-
ure 1). For the training process, we randomly selected 80%
of the data, and we performed bootstrap to avoid biases.
This method allowed us to perform the training multiple
times even if the chosen training and testing sets could have
contained repeated entries. For validation of the method,
we also tested the choice of the training set using cross-
validation, which performs the simulation K times dividing
the data into K partitions and using each time one differ-
ent partition as a test set. Changing the algorithm to K-fold
cross-validation (K = 10; 90/10 randomly chosen), we ob-

tained very similar results as previously (see Supplementary
Table S2).

To improve the accuracy and efficiency of the training
process and to avoid training artifacts, we applied several
data pre-processing steps:

Undersampling

The uPBM experimental datasets are usually very noisy
with an overpopulation of k-mers with a low affinity value.
To obtain a more balanced set, we applied different under-
sampling approaches for each dataset type (details and an
example in Supplementary Methods and and an example in
Supplementary Figure S3).

Weighting

For the uPBM dataset, because of the lack of high-affinity
sequences, we assigned uniform higher weights (10) to se-
quences matching the PWM data for each TF being consid-
ered. We also calculated the importance of each class feature
in the regressor (56).

The purpose of undersampling and weighting (or over-
sampling of high affinity values) is to remove noisy data by
stratifying the affinity profile and picking only a few sam-
ples in each stratum.

HT-SELEX data quality assessment

For HT-SELEX data, we considered the target affinity
values as those reported in the cycles. In principle, bind-
ing affinities of the different k-mers should grow exponen-
tially at each cycling step until saturation, and any devia-
tion from this behaviour signals inconsistency of the data.

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/50/16/9105/6677319 by guest on 22 February 2024



Exploring the chromatin landscape and gene expression mechanisms  

  69 

 

9108 Nucleic Acids Research, 2022, Vol. 50, No. 16

Thus, to guarantee the quality of the experimental data,
we performed a quality check with a support vector ma-
chine (SVM) discriminant using the correlation between se-
lected counts across different cycles as descriptors (see Sup-
plementary Methods).

Genomic testing

For the in vivo validation on the yeast genome, we generated
discrete maps using the relative score obtained from the ML
training for each possible TFBS and comparing the predic-
tions with in vitro (PB-exo) (17) and in vivo maps (ChIP-exo)
(17,52,53). We define:

- True positive (TP) when the experimental peaks (both PB-
exo and ChIP-exo) overlap with our prediction.

- False positive (FP) when TFBSs predicted by our model do
not correspond to any experimental peak. We also applied
this category if our prediction corresponds to just one of
the experimental dataset (either PB-exo or ChIP-exo)

- Nucleosome occupied locations (Nuc) when comparing
our prediction with nucleosome maps one TFBS predicted
by our model overlaps with a nucleosome.

- False negative (FN) when experimental TFBS peaks have
not been predicted by our model.

- True negative (FN) when both experiments and predictive
model agree that there is not a TFBS.

The program and the full database of feature parameters
are available in the GitHub repository: https://github.com/
Jalbiti/DNAffinity.

RESULTS AND DISCUSSION

For each experimental dataset (gcPBM, uPBM and HT-
SELEX), we trained our machine learning regressor to pre-
dict experimental binding affinities using three classes of
features informative of the three DNA–protein recognition
modes: sequence, direct and indirect readout. After training
on 80% of the data, we calculated the determination coef-
ficient (R2) between our predictions and the experimental
values (see Materials and Methods) on the remaining 20%
of the data. With that, we found that our model is able to
reproduce gcPBM data with astonishing quality, as shown
in an average R2 of 0.93 ± 0.02 (see Figure 2).

Using the uPBM data as reference (see Materials
and Methods), we could predict affinities with an average
determination coefficient R2 = 0.69 ± 0.17 (Figure 3).

We then applied our ML predictor to two datasets from
HT-SELEX (see Materials and Methods and Supplemen-
tary Table S1): the first using the results based on 5-cycles
of HT-SELEX experiments, and the second on 7-cycles. In
the first case, we achieved an R2 of 0.63 ± 0.19, and in
the second 0.71 ± 0.21, which yielded a total average of
0.66 ± 0.19. Supplementary Figures S4–S7 detail the re-
sults for each HT-SELEX experiment and each transcrip-
tion factor. In a further step, we used SVM to remove those
cases displaying inconsistency between the enrichments at
different HT-SELEX cycles (see Materials and Methods
and Supplementary Methods) as they are suspicious cases
whose inclusion can bias the training and testing. The im-
provement obtained after SVM-filtering of data is clear, as

seen from the average R2 of 0.70 ± 0.14 and the dramatic
reduction of cases with low R2 (see Figure 4).

In summary, DNAffinity is able to accurately predict rel-
ative binding affinities of transcription factors with a com-
mon set of descriptors, irrespectively of the source of exper-
imental approach used to determine the binding (see Figure
4). The logo plots of the most favorable TFBSs, calculated
using the top 100 predicted sequences, for each TF studied
are presented in Supplementary Table S3.

DNAffinity’s performance compared to existing ML predic-
tors

We compared our predictor with a larger variety of previ-
ously published methods that combine different learning
approaches and include DNA sequence and DNA shape
features (27,35,36,49) (Figure 5 and Supplementary Figures
S8 and S9). In all cases comparisons are done using the same
number of cases (TFs) and the same dataset as used by the
original developers of the methods.

For gcPBM our performance (Figure 2) is nearly identi-
cal to that obtained with the shape-augmented ML predic-
tor (32), but this outstanding performance should be taken
with caution as there are only three transcription factors
for which gcPBM information is available. Here, the probes
are very well aligned based on the central TFBS and the se-
quences used do not show high variability, making the prob-
lem relatively easy to solve.

A more reliable and challenging benchmark can be ob-
tained using uPBM and HT-SELEX data as: i) there are
more datasets available and ii) there is a larger variety of
trained models to benchmark against.

In order to evaluate the performance of DNAffinity, we
compared its predictive power on 66 uPBM datasets and
compared our R2 with the ones obtained using the same
dataset by: CRPTS/CRPT (a hybrid convolutional recur-
rent neural network (CNN/RNN) architecture that com-
bines DNA sequence and DNA shape features) (27); Deep-
bind (a CNN model primarly based on DNA sequences)
(36); two kernel-based methods (spectrum + shape ker-
nel, di-mismatch + shape kernel) (57); a deep learning-
based DLBSS (37); and a shape-based ML regressor
DNAShapeR (33). The data used for the comparison were
previously reported (27). In Figure 5A and Supplementary
Figure S8, we show the results of the comparison. The im-
provement with respect to all other predictive algorithms is
very clear: our algorithm has a stronger predictive power
when compared to methods based on shape and neural net-
work, probably thanks to the properties considered and the
pre-processing of the 36mers.

For HT-SELEX data, we compared our results with
a shape-based ML regressor, DNAShapeR, and DeepSE-
LEX (38) trained and tested on the same TFs (Figure 5B).
Running DNAShapeR, we used their refined set of se-
quences (M-word, https://rohslab.usc.edu/MSB2017/) and
their latest parameters. The comparison shows how our
method could better predict the TFBS affinities, and that
the results we get for those selected protein is in the range
of our prediction using all the cases (DNAffinity all in Fig-
ure 5B) available for HT-SELEX (see Supplementary Ta-
ble S1). We tested the rigorousness of our method calculat-
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Figure 2. Correlation between the predicted and experimental TF binding affinity for the three cases under study: (A) Mad1/Max (‘Mad’), (B) Max/Max
(‘Max’) and (C) c-Myc/Max (‘Myc’). Correlation with experimental affinities for the transcription factors: MAD1 (left panel): R2 = 0.951, MYC (central
panel): R2 = 0.905, MAX (right panel): R2 = 0.922.

Figure 3. Determination coefficient (R2) between predicted and experimental data for different protein families using uPBM data.

Figure 4. Determination coefficient (R2) between predicted and experi-
mental affinities for different transcription factors (black circle marks the
mean, black bar marks the median value). Data used were: HT-SELEX on
the entire dataset, uPBM, gcPBM and HT-SELEX on the filtered dataset
(after applying our reliability filter that uses an SVM classifier on the raw
data; see Materials and Methods and Supplementary Methods).

ing the MSE (see Supplementary Methods) and comparing
it to the other algorithms that had the best (newest) and
the worst performance compared to ours: CRPT (27) and
DNAShapeR (33) for uPBM data and both DNAShapeR
(33) and DeepSELEX (38) for HT-SELEX data (see Sup-
plementary Table S4); confirming that also using this metric
the results obtained by our algorithm are consistent.

Finally, many previously developed methods verified the
transferability of their predictive algorithm by first train-
ing with one dataset (HT-SELEX) and subsequently test-
ing on another dataset (uPBM). These two experimental
techniques differ in the variety and number of sequences
that can be studied, and on the length of the different
probes: HT-SELEX considers a large amount of differ-
ent short sequences with one possible binding site, while
uPBM has fewer and longer probes with multiple candi-
date binding sites, and mainly low affinity. Consequently
we also compared the ability of our method to inter-cross
between datasets. The results obtained (Figure 5C) show
that when comparing our results to previously published
methods, including neural network and deep learning al-
gorithms (data taken from (38)), DNAffinity outperforms
all of them. We obtained an average Pearson correlation of
0.47 versus 0.41 (DeepSELEX) (38), 0.35 (DeepBind) (36),
0.36 (BEESEM)(58) and 0.20 (BindSpace) (59).
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Figure 5. Comparison between our predictions and previously reported ones. (A) Determination coefficient (R2) between predicted and experimental data
for different protein families using uPBM data, data retrieved from (27) and DNAShapeR (33). (B) Pearson correlation using in common HT-SELEX data
obtained in the literature by previously developed methods, DeepSELEX and DNAShapeR (33,38) and ours (DNAffinity) respectively, values obtained
using all the HT-SELEX data available using our method (DNAffinity all). (C) Pearson correlation between predicted and experimental data for different
protein families using HT-SELEX for training and testing on uPBM data, using our method (DNAffinity) and previously developed methods: DeepSELEX
(38), DeepBind (36), BEESEM (58) and BindSpace (59). The data reported were taken from (38). Black circle: mean, black bar: median.

Importance of the features

Contrary to our original expectations, we found that the im-
pact of the different features on the predictive power of the
method depends dramatically on the type of experimental
data used for training (Figure 6).

For gcPBM data, characterized by a very low sequence
variability and a very well defined TFBS, the physical prop-
erties of the tetramers have a higher importance, probably
because they can differentiate between otherwise very simi-
lar sequences.

For uPBM, we trimmed the sequence based on MEME
suite result, so the variability of the sequence diminishes.
For this reason, in part like in case of gcPBM, the motifs
present a common pattern and shape seems to be the best
class of feature capable of accentuating their differences (see
the contribution of different feature classes in Supplemen-

tary Figures S10 and S11). However, because the sequence
variability is broader than in gcPBM, also sequence and
electrostatics features seem to gain importance.

On the contrary, for HT-SELEX, where a wide range of
sequences is reported, the predictive power is equally di-
vided across the three feature classes (Figure 6). This can
be explained considering that the method explores a larger
range of sequences, including these that are not physiolog-
ically accessible. Also, in this case we studied the impor-
tance of every class of feature for the prediction and de-
tected that all of them contribute to the prediction (Sup-
plementary Figures S10 and S11). Interestingly, the elec-
trostatic descriptor gained importance when using HT-
SELEX data compared to uPBM. The addition of this
new ‘direct-reading’ feature to the prediction scheme intro-
duces a new dimensionality in our method to discriminate
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Figure 6. Relative importance (%) of each feature class in the prediction. (A–C) Results regarding prediction of gcPBM, uPBM and HT-SELEX data
respectively. (D) Average of the relative importance (%) considering the prediction on all the datasets (A–C).

among largely variable sequences. The HT-SELEX dataset
seems pushing the predictive power of the models to their
limits.

Above all, by analyzing the effect of each feature on the
different protein families it could be possible detect the
ones that are mostly affected by indirect-readout (shape and
force constants) or direct-readout (sequence and electro-
statics) descriptors (see Supplementary Figure S11). Our re-
sults also raise concerns about attempts to train ML meth-
ods with a narrow set of sequences, and give us confidence
that DNAffinity provides results of very similar quality
when reference data come from uPBM or HT-SELEX with
a common set of features.

In vivo testing

We finally applied our method to simultaneously predict in
vitro and in vivo datasets describing the TFBS for the pro-
tein CBF1 (one case for which both in vitro and in vivo data
are available, see Materials and Methods). After training
our regressor using gcPBM data (R2 = 0.80), we applied
our model to predict PB-exo and ChIP-exo peaks along the
yeast genome. We considered the consensus exo peaks, be-
cause being in common they are independent on the experi-
mental technique/conditions. Each method (ChIP and PB)
has some intrinsic noise due to non-specific or spurious in-
teractions and that using consensus peaks ensures that each
signal is genuine. To account for the impact of chromatin
structure, we include accurate nucleosome maps collected
for yeast in the G1 phase (5,54). Quite encouragingly, we
were able to predict almost all consensus exo peaks, defined
as locations where PB-exo and ChIP-exo signals coincide
(Figure 7). Our true positive (TP) rate (TP/total number of
exo experiments peaks) was over 94% (TP case example in

Supplementary Figure S12A), meaning that only < 6% of
the consensus exo peaks are not detected by our method
(see Figure 7). Although these TPs entail only 14% of all
predictions of our model, a vast majority of the theoret-
ically false positive are at locations occupied by nucleo-
somes (see Figure 7 and example in Supplementary Fig-
ure S12B). As those chromatin sites would not have been
accessible for the binding of a transcription factor (occu-
pied by nucleosomes, Nuc in Figure 7B), they correspond
to cases where intrinsic (in vitro) binding can be favourable,
but chromatin structure precludes effective in vivo binding.
Thus, when nucleosome maps are included as descriptors,
the resulting false positive (FP) rate is just 11%. In fact, of
the 146 ‘bona fide’ FPs, 37 (FP2 in Figure 7) correspond
to sequences that matches one exo signal (PB-exo or CHIP-
exo) and 15 have evidence of activity based on polymerase
maps (fourth column in the classification scheme Figure 7,
FP case examples in Supplementary Figure S12C and D).
It means that the real FP rate can be as low as 7% (FP1
and third column scheme in Figure 7). Due to the lack of
simultaneous in vivo and in vitro binding data, it is difficult
to generalize our conclusions; we consider here nucleosome
occupancy as a proxy for chromatin structure, but there
are many other means by which cells can hide regions that
would otherwise be bound by transcription factors. Even
though we will never be able to make a prediction taking
into consideration all the possible variables to in vivo TF
binding, we transferred the in silico prediction to in vivo con-
ditions. We think it is important to determine how the in-
trinsic sequence-dependent binding properties in vitro are
affected by chromatin accessibility. Our results may suggest
that in vivo binding may be understood as in vitro binding
corrected by high-resolution (nucleosome-scale) chromatin
structure.
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Figure 7. (A) Scheme representing the prediction scores along the yeast genome. (B) Statistics of our prediction along the yeast genome. On the right,
distribution over all the predicted peaks: 188/1326 true positive (TP, orange); 13/1326 false negative (FN, red); 992/1326 in locations occupied by nucle-
osomes (in purple); the false positive (FP) cases are divided into FP1 that correspond to predicted peaks at nucleosome free region (NFR) that do not
correspond to any experimental peak ((94/1326, in blue) and FP2 (52/1326, green) that correspond to sequences that either match one exo signal (PB-exo
or CHIP-exo) or have evidence of activity based on polymerase maps. On the right, distribution over all the consensus experimental peaks (PB-exo and
CHIP-exo): 188/201 true positive (TP, orange); 13/201 false negative (FN, red).

CONCLUSIONS

Prediction of transcription factor binding sites is the next
grand challenges in genomic research. Development of effi-
cient predictive algorithm requires solving a series of intrin-
sic problems: on the one hand, the concept of transcription
factor binding site is not uniquely defined, as it deeply de-
pends on the intrinsically noisy and low-resolution exper-
imental technique used to detect it, making it impossible
to create a universal predictor. On the other, transcription
factors use a repertoire of mechanisms for selecting target
DNA sequences, and the most informative parameters de-
scribing these mechanisms largely depend on the sequence
variability explored by the experiment. The complexity of
the problem increases even more if in vitro predictions are
tried to be extrapolated to in vivo settings, where other
factors besides intrinsic transcription factor affinity play a
role.

Our predictive model (DNAffinity) is based on a simple
machine learning algorithm trained on ab initio parame-
ters derived from first-principle molecular dynamics simu-
lations. One of the advantages of using theoretically derived
descriptors is that they can be in principle obtained for any
non-coding DNA, including epigenetic variants or lesions.
Despite the ‘ab initio’ nature of the descriptors and the sim-
plicity of the training, the method provides excellent results,
outperforming all available competitors when predicting in
vitro transcription factor binding sites irrespective of the ex-
periment used for validation. Very encouragingly, DNAffin-
ity trained on in vitro data showed an excellent ability to
detect the binding sites of the same transcription factor in
vivo. Thus, even though DNAffinity predicts many potential
binding sites where no experimental evidence of in vivo bind-
ing exists, a grand majority of these seemingly false positives
are trivially explained by chromatin structure and nucleo-
some occupancy. When combining DNAffinity and nucle-
osome maps, our method was able to locate in vivo TFBS
with a high accuracy.
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Chapter 2. A nucleosome positioning 
predictor 
 
 
 
 

In the previous chapter we developed a machine learning model 
based on a Random Forest Regressor that was able to predict the 
binding affinities of a large pool of TFs for different DNA sequences. 
The model was trained with in vitro experimental techniques, and we 
additionally analyzed its applicability to an in vivo context by 
introducing a new factor, nucleosome occupancy. This first work led us 
to introduce the role of nucleosomes on the modulation of protein 
recognition by DNA and in the regulatory network.  

Nucleosomes constitute the first unit of chromatin organization, 
each unit wrapping around 147 bps of DNA in a quite packed cylinder 
(around 20 nm diameter). This compaction occurs through 1 and ¾ 
turns wrapping of DNA around a histone octamer. Nucleosomes cover 
most of the chromatin complex, where no obvious direct-reading 
mechanism for DNA positioning exists.  

However, despite that, there is a maintenance in nucleosome 
positioning, part of which can be recovered from in vitro reconstitution, 
suggesting that there are some unknown mechanisms controlling 
nucleosome formation and positioning. Furthermore, nucleosome 
maps along different genomes showed the presence of very well-
defined nucleosome depleted regions in the vicinities of transcription 
start and terminating sites (the nucleosome free regions; NFRs). 
In this second chapter we will study the intrinsic role of DNA physical 
properties to NFRs, nucleosome array periodicity along gene bodies, 
the role of transcription, as well as other extrinsic determinants of 
nucleosome positioning in yeast.  
 
2.1. Nucleosome Free Regions at the beginning and end of genes 
 

As previously observed (1, 2) and as we have previously noted 
from our in vivo binding predictor paper described in the previous 
chapter, there is a high correlation between nucleosome architecture 
and TF binding sites at promoters. Nucleosome maps have shown that 
nucleosome depleted regions are often observed at the Transcription 
Start Sites (TSSs) of actively transcribed genes together with a strongly 
positioned +1 nucleosome followed by fuzzier nucleosomes as we 
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move downstream of the TSS (3–6). Additionally, some studies support 
the presence of NFRs around the Transcription Terminating Sites 
(TTSs), while others claim that these are only an artefact of neighboring 
TSSs (7). In this work we performed MNase-seq experiments 
processing the reads with a previously developed nucleosome peak 
caller, nucleR (see Introduction), has been used to prove the presence 
of NFRs at TTSs, in both tandem (when there is a nearby TSS) and 
convergent (when there is a nearby TTS) genes, and to study the 
distribution of nucleosome arrays.  
 
2.2. Determinants of NFRs 
 

We investigate the determinants of the observed nucleosome 
depleted regions at the 5’ and 3’ ends of genes. We considered the 
combination of intrinsic (sequence-dependent physical properties of 
the DNA) and extrinsic (mainly TF-DNA binding sites) factors in 
influencing NFRs. We selected two factors to describe and identify a 
nucleosome-depleted region: the deformation energy and the density 
of transcription factor binding sites (TFBSs). The deformation energy is 
defined by the elastic energy associated with the harmonic deformation 
of the DNA from a naked state to a nucleosome-bound state and was 
derived by a mesoscopic model with equilibrium and stiffness 
parameters derived from Molecular Dynamic simulations (8). On the 
other hand, the TFBSs densities were taken from annotated sources (9) 
and aimed to model the extrinsic effects i.e. the competition of 
nucleosomes with other effector proteins (see Figure 2.1).  
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Figure 2.1. The deformation energy (green line) and transcription 
binding site densities (yellow line) against the experimental 
nucleosome coverage (red line), centered at around the +1 nucleosome 
for all TSSs.  
 
2.3. Neural Network Predictor 
 

Using the intrinsic and extrinsic features described above we 
built a machine learning classifier that would predict the probability of 
a region being nucleosome free. Neural networks were first motivated 
by the functionality of the human brain, developed in an attempt to 
model a biological neuron (10). A network of neurons is built by linking 
multiple neurons together in a way that the output of one neuron forms 
an input to another. The original idea by McCulloch and Pitts was that 
a neuron receives input signals that are combined with corresponding 
weights. If this combination exceeds a threshold, then a neuron fires, 
otherwise it remains inactive (see Introduction for more details). In a 
neural network architecture, we will always find a first input layer with 
as many neurons as descriptors, one or more hidden layers, and a final 
output layer, which corresponds to the given solutions. We chose a 
neural network architecture for our model given the following two 
characteristics: 
 

● Neural networks can find patterns within unstructured data. 
● Neural networks efficiently reproduce high dimensional 

functions when other classical approaches cannot. 
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Our predictor was trained using experimental maps for all TSS-
NFRs and TTS-NFRs defined by well-positioned nucleosomes using 
the previously developed nucleR software (11). The classifier obtained 
an Area Under the Curve (AUC) of 0.96 in the test set and was used 
through the whole genome.  
 
2.4. Intragenic Nucleosome Positioning 
 

Having seen the existence of NFRs at the beginning and end of 
genes, we state the possibility of having a barrier-like positioning of the 
first nucleosome from a gene (+1) and the last one (-last) which 
determine the intragenic positions along the gene body. The precise 
positions are established following statistical positioning as 
determined by signal transmission theory with two emitters located at 
the vicinities of the TSS and TTS of a gene. We tested a simple signal 
decay model which is based on a periodicity of 165 bps (optimized for 
yeast) and showed that this simple model can predict with accuracy the 
nucleosome coverage within gene bodies (see Figure 2.2), provided that 
the +1 and -last nucleosomes are well placed contiguous to their 
corresponding neighboring NFRs. 
 

 
 
Figure 2.2. Signal Transmission Theory model to reproduce intragenic 
nucleosome architectures. Two signals are emitted, the first one from 
the +1 nucleosome (blue signal) and the second one from the -last 
nucleosome (red signal) resulting in a periodic signal (black line) that 
could reproduce the experimental mapping (dashed black line). 
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2.5. Phase and Autocorrelation of genes 
 

Following our Signal Transmission Theory (STT), genes can be 
categorized, based on the distance between the +1 and the -last 
nucleosomes, into two classes according to their coverage profile: a set 
of genes where the distances are within a multiple of the period and 
therefore their signals overlap significantly, and a second set of genes 
where their distance is not in phase and therefore the signals do not 
overlap, presenting a fuzzier nucleosome architecture along the gene 
body. In this project we experimentally explored the effect of phase on 
nucleosomes by adding an 81-nucleotide (81-nt) sequence to eight 
selected genes (four of which were phased and four control not 
phased).  
 
2.6. The role of transcription in nucleosome positioning 
 

Finally, we investigated the correlation between phase and 
transcription to decipher the causality link between them. This was 
motivated by the observation that genes presenting a well-positioned 
nucleosome architecture showed higher levels of expression in 
comparison to genes with fuzzier profiles (12). However, this link was 
questioned by some studies claiming the opposite, suggesting that 
more active genes present less ordered nucleosome architectures (13). 
For this reason, we analyzed the impact on transcription from the 
addition of an 81-nt sequence in our eight selected genes. To further 
investigate this, we also analyzed data on the effect of transcription 
upon nucleosome positioning using both in house and previously 
published experiments, to avoid making conclusions that could be 
biased by the experimental technique. In our lab, we carried out 
MNase-seq experiments in cells treated by 1,10-phenantroline, a metal 
chelator that stalls the polymerase at the promoters and inhibits 
transcription (14–16). To avoid any bias from this experimental 
technique and make our conclusions more robust, we additionally 
analyzed previously published results (3) where transcription 
inhibition occurred through a different experimental set up, in 
principle less prone to artefacts than phenanthroline treatment. 
 

We have shown that nucleosome positioning can be regulated 
by the combination of intrinsic and extrinsic factors, which help us 
predict nucleosome depleted regions, which in combination with 
statistical positioning, through STT, can reproduce the nucleosome 
architecture in yeast. Herein, we demonstrated that the positions of the 
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+1 and -last nucleosomes can be accurately predicted (AUC of 0.96) by 
a neural network classifier that utilizes an energetic contribution 
related to DNA deformability and protein binding densities. Simple 
statistical positioning allows the reconstitution of intragenic 
nucleosomes with higher accuracy than experimental noise. 
Furthermore, with the insertion of the 81-nt sequence we observed a 
change in the overall nucleosome organization with a fuzzier and less 
periodic profile in the originally phased set of genes. However, these 
changes were not observed in the control genes that were previously 
not classified as phased.  

Finally, we did not find any significant effects of the 81-nt insert 
on transcription levels, including in those originally phased genes, 
which led us to formulate the causal relationship: nucleosome 
periodicity is affected by transcription, but alteration of periodicity or 
phasing does not change in a systematic manner gene expression. 
Finally, our data show that the addition of 1,10-phenantroline for 
transcription inhibition led to larger NFRs (mostly from the 
displacement of the -1 nucleosome), an overall increase in nucleosome 
fuzziness and a decrease in the proportion of phased genes. This 
strongly suggests that the presence of RNA polymerase affects 
nucleosome architecture and not the reverse, thus confirming our 
causal relationship.  

 
This second publication clarifies the main determinants of 

nucleosome positioning and exemplifies the effectiveness a neural 
network to reconstitute chromatin organization. 
 
 
Publication: 
 
Alba Sala*, Mireia Labrador*, Diana Buitrago, Pau De Jorge, Federica 
Battistini, Isabelle Brun Heath and Modesto Orozco. An integrated 
machine-learning model to predict nucleosome architecture (accepted 
for publication - Nucleic Acids Research). 
 
*Equally contributing authors 
Supplementary material for this article can be found in the Annex. 
  



Exploring the chromatin landscape and gene expression mechanisms  

  83 

References 
 
1. Jiang,C. and Pugh,B.F. (2009) Nucleosome positioning and gene 
regulation: advances through genomics. Nat Rev Genet, 10, 161–172. 
2. Lai,W.K.M. and Pugh,B.F. (2017) Understanding nucleosome 
dynamics and their links to gene expression and DNA replication. Nat 
Rev Mol Cell Biol, 18, 548–562. 
3. Weiner,A., Hughes,A., Yassour,M., Rando,O.J. and Friedman,N. 
(2010) High-resolution nucleosome mapping reveals transcription-
dependent promoter packaging. Genome Res, 20, 90–100. 
4. Chereji,R. V. and Morozov,A. V. (2015) Functional roles of 
nucleosome stability and dynamics. Brief Funct Genomics, 14. 
5. Deniz,Ö., Flores,O., Battistini,F., Pérez,A., Soler-López,M. and 
Orozco,M. (2011) Physical properties of naked DNA influence 
nucleosome positioning and correlate with transcription start and 
termination sites in yeast. BMC Genomics, 12, 489. 
6. Deniz,Ö., Flores,O., Aldea,M., Soler-López,M. and Orozco,M. (2016) 
Nucleosome architecture throughout the cell cycle. Sci Rep, 6, 19729. 
7. Chereji,R. V., Ramachandran,S., Bryson,T.D. and Henikoff,S. (2018) 
Precise genome-wide mapping of single nucleosomes and linkers in 
vivo. Genome Biol, 19. 
8. Battistini,F., Hospital,A., Buitrago,D., Gallego,D., Dans,P.D., 
Gelpí,J.L. and Orozco,M. (2019) How B-DNA Dynamics Decipher 
Sequence-Selective Protein Recognition. J Mol Biol, 431. 
9. Pachkov,M., Balwierz,P.J., Arnold,P., Ozonov,E. and van 
Nimwegen,E. (2012) SwissRegulon, a database of genome-wide 
annotations of regulatory sites: recent updates. Nucleic Acids Res, 41, 
D214–D220. 
10. McCulloch,W.S. and Pitts,W. (1943) A logical calculus of the ideas 
immanent in nervous activity. Bull Math Biophys, 5. 
11. Flores,O. and Orozco,M. (2011) nucleR: a package for non-
parametric nucleosome positioning. Bioinformatics, 27, 2149–2150. 
12. Vaillant,C., Palmeira,L., Chevereau,G., Audit,B., D’Aubenton-
Carafa,Y., Thermes,C. and Arneodo,A. (2010) A novel strategy of 
transcription regulation by intragenic nucleosome ordering. Genome 
Res, 20, 59–67. 
13. Jiang,Z. and Zhang,B. (2021) On the role of transcription in 
positioning nucleosomes. PLoS Comput Biol, 17. 
14. Grigull,J., Mnaimneh,S., Pootoolal,J., Robinson,M.D. and 
Hughes,T.R. (2004) Genome-Wide Analysis of mRNA Stability Using 
Transcription Inhibitors and Microarrays Reveals Posttranscriptional 
Control of Ribosome Biogenesis Factors. Mol Cell Biol, 24, 5534–5547. 



Exploring the chromatin landscape and gene expression mechanisms  

  84 

15. Kim,T.S., Liu,C.L., Yassour,M., Holik,J., Friedman,N., Buratowski,S. 
and Rando,O.J. (2010) RNA polymerase mapping during stress 
responses reveals widespread nonproductive transcription in yeast. 
Genome Biol, 11. 
16. McClure,W.R., Cech,C.L. and Johnston,D.E. (1978) A steady state 
assay for the RNA polymerase initiation reaction. Journal of Biological 
Chemistry, 253. 
  

  



Exploring the chromatin landscape and gene expression mechanisms  

  85 



Exploring the chromatin landscape and gene expression mechanisms  

  86 



Exploring the chromatin landscape and gene expression mechanisms  

  87 



Exploring the chromatin landscape and gene expression mechanisms  

  88 



Exploring the chromatin landscape and gene expression mechanisms  

  89 



Exploring the chromatin landscape and gene expression mechanisms  

  90 



Exploring the chromatin landscape and gene expression mechanisms  

  91 



Exploring the chromatin landscape and gene expression mechanisms  

  92 



Exploring the chromatin landscape and gene expression mechanisms  

  93 



Exploring the chromatin landscape and gene expression mechanisms  

  94 



Exploring the chromatin landscape and gene expression mechanisms  

  95 



Exploring the chromatin landscape and gene expression mechanisms  

  96 



Exploring the chromatin landscape and gene expression mechanisms  

  97 



Exploring the chromatin landscape and gene expression mechanisms  

  98 



Exploring the chromatin landscape and gene expression mechanisms  

  99 



Exploring the chromatin landscape and gene expression mechanisms  

  100 

0.00

0.25

0.50

0.75

1.00

High Low
Expression

Au
to

co
rre

la
tio

n 
sc

or
e

Sample
High

Low

Autocorrelation Score from Published Data (Buitrago et al.)

0.00

0.25

0.50

0.75

1.00

High Low
Expression

Au
to

co
rre

la
tio

n 
sc

or
e

Sample
High

Low

Autocorrelation score from Full Prediction Coverage

A) B)

C) D)



Exploring the chromatin landscape and gene expression mechanisms  

  101 



Exploring the chromatin landscape and gene expression mechanisms  

  102 



Exploring the chromatin landscape and gene expression mechanisms  

  103 



Exploring the chromatin landscape and gene expression mechanisms  

  104 

**************** ****************

0.0

0.2

0.4

0.6

Fuzzy Well−positioned

P
ro

po
rti

on

Transcription Transcr. Inhibition

B)A)

C)

0

2

4

0.00 0.25 0.50 0.75
autocorrelation score

de
ns

ity

Sample
Ctrl

Ph



Exploring the chromatin landscape and gene expression mechanisms  

  105 



Exploring the chromatin landscape and gene expression mechanisms  

  106 



Exploring the chromatin landscape and gene expression mechanisms  

  107 



Exploring the chromatin landscape and gene expression mechanisms  

  108 



Exploring the chromatin landscape and gene expression mechanisms  

  109 



Exploring the chromatin landscape and gene expression mechanisms  

  110 

 
 



Exploring the chromatin landscape and gene expression mechanisms  

  111 

27 
 

48. Martin,B.J.E., Brind’Amour,J., Kuzmin,A., Jensen,K.N., Liu,Z.C., Lorincz,M. and Howe,L.J. 
(2021) Transcription shapes genome-wide histone acetylation patterns. Nat Commun, 
12, 210. 

49. Weiner,A., Hughes,A., Yassour,M., Rando,O.J. and Friedman,N. (2010) High-resolution 
nucleosome mapping reveals transcription-dependent promoter packaging. Genome 
Res, 20, 90–100. 

50. Wang,J.-P., Fondufe-Mittendorf,Y., Xi,L., Tsai,G.-F., Segal,E. and Widom,J. (2008) 
Preferentially Quantized Linker DNA Lengths in Saccharomyces cerevisiae. PLoS Comput 
Biol, 4, e1000175. 

51. Nassar,L.R., Barber,G.P., Benet-Pagès,A., Casper,J., Clawson,H., Diekhans,M., Fischer,C., 
Gonzalez,J.N., Hinrichs,A.S., Lee,B.T., et al. (2023) The UCSC Genome Browser 
database: 2023 update. Nucleic Acids Res, 51. 

52. Schwabish,M.A. and Struhl,K. (2004) Evidence for Eviction and Rapid Deposition of 
Histones upon Transcriptional Elongation by RNA Polymerase II. Mol Cell Biol, 24, 
10111–10117. 

53. Žumer,K., Maier,K.C., Farnung,L., Jaeger,M.G., Rus,P., Winter,G. and Cramer,P. (2021) 
Two distinct mechanisms of RNA polymerase II elongation stimulation in vivo. Mol Cell, 
81, 3096–3109.e8. 

54. Kujirai,T., Ehara,H., Fujino,Y., Shirouzu,M., Sekine,S. and Kurumizaka,H. (2018) Structural 
basis of the nucleosome transition during RNA polymerase II passage. Science (1979), 
362, 595–598. 

55. Kujirai,T., Ehara,H., Sekine,S. and Kurumizaka,H. (2023) Structural Transition of the 
Nucleosome during Transcription Elongation. Cells, 12, 1388. 

  
  
 



Exploring the chromatin landscape and gene expression mechanisms  

  112 

 
  



Exploring the chromatin landscape and gene expression mechanisms  

  113 

Chapter 3. The effect of Oxidative Stress 
Damage on Chromatin 
 
 
 
 

Chapters 1 and 2 explain the first two projects of this thesis, 
where we try to deconvolute gene regulatory networks at the protein-
DNA interaction level and introduce nucleosomes through exploring 
their role in regulating gene expression. In this third chapter we 
introduce another layer of complexity, that affects chromatin structure 
and dynamics and hinders chromatin-templated processes such as 
DNA replication or gene regulation: DNA damage.  

It is well characterized that agents that alter the structure of 
DNA, can severely affect the physiological processes of cells, but the 
changes induced by these agents in chromatin structure are unknown. 
In order to clarify the changes that chromatin undergoes upon DNA 
lesions, we have studied the impact of oxidative stress, one of the most 
common origins of DNA damage. Efficient DNA repair requires 
coordinated chromatin dynamics and while many steps in repair 
pathways are well characterized, how they affect chromatin structure 
is unclear. This is the objective of Chapter 3, where we explore the 2D 
nucleosome organization (see Introduction on nucleosome positioning 
for the methodologies) as well as the 3D structure of the chromatin 
(from the nucleosome fiber to the entire chromatin), when it is 
subjected to oxidative stress conditions. 
 
3.1. An overview of oxidative stress  
 

Reactive oxygen species (ROS) are generated when single 
electrons are transferred to oxygen and produce superoxide radical 
(O2•–), hydrogen peroxide (H2O2) or the highly reactive and damaging 
hydroxyl radical (•OH). The accumulation of ROS leads to a disruption 
of signaling pathways that play a key role in cell stability (1–5). 
Mechanistically, ROS can affect lipids, proteins, lipoproteins and DNA, 
damaging membranes, and organelles (6, 7). The effect upon DNA and 
RNA can introduce severe damages that under normal conditions are 
prevented by antioxidant systems that scavenge additional levels of 
oxidants. ROS-induced DNA damage includes base modifications 
(primarily 8-oxoG), apurinic site formation, and in severe cases, DNA 
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strand breaks (single or double) leading to genome instability and 
problems that can extent to the systemic level. 
 
3.2. DNA repair mechanisms 
 

The specificity that characterizes the many distinct DNA lesions 
that occur, requires the existence of dedicated DNA repair pathways. 
Some lesions such as oxidative stress or alkylating agents directly 
modify DNA bases. Others, such as UV light, can result in the 
crosslinking of neighboring bases while ionizing radiation can generate 
the most difficult lesions to repair, double-stranded breaks. This means 
that repairing mechanisms should be diverse in order to cover the 
complete portfolio of lesions. Overall, the main DNA damage repair 
mechanisms can be divided into three categories: base excision repair, 
nucleotide excision repair and double-stranded break repair 
mechanisms (see Figure 3.1).  
 

 
 
Figure 3.1. Schematic view of the DNA damage responses upon DNA 
lesions (top) and their associated repair pathways (bottom). Adapted 
from (8).  
 
3.2.1. Base excision repair 
 

The base excision repair (BER) mechanism specifically corrects 
DNA damage from oxidation, deamination and alkylation which cause 
small base lesions that do not significantly alter the DNA helix 
structure (9), but that can trigger mutations with cellular and systemic 
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impact. The process starts when a DNA glycosylase recognizes and 
excises a damaged base, leaving a base free site that is further processed 
by patch repair mechanisms. The short-patch mechanism (also called 
single-nucleotide BER) fills and ligates a single nucleotide gap whereas 
the long-patch mechanism involves the repair of at least two 
nucleotides. When inducing oxidative stress upon the cells, DNA base 
lesions that cause minor structural changes are mainly repaired by the 
BER mechanism.  
 
3.2.2. Nucleotide excision repair 
 

Bulky DNA lesions, which can distort the DNA helix, such as 
those generated by UV radiation or environmental mutagens, are 
repaired through a process called nucleotide excision repair (NER). 
Eukaryotic cells have developed a specific pathway where a nuclease 
enzyme recognizes and removes a segment of DNA containing the 
lesion (10). NER can occur through two different pathways: one which 
can occur anywhere in the genome (known as the global genome NER 
or GG-NER) and a second one responsible for the accelerated repair of 
lesions in transcribed regions (the transcription-coupled NER or TC-
NER). The initiation of the repair pathway is thus dependent on the 
position of the lesion in the genome. Nonetheless, both pathways 
require the core NER factors to undertake the excision mechanisms. 
 
3.2.3. Double-stranded break repair 
 

Double-stranded breaks can be caused by the exposure to 
exogenous factors such as ionizing radiation or endogenous events like 
oxidative stress. These damage events comprehend different signaling 
pathways that try to repair the strand split. There exist two distinct 
pathways involved in this repair: the Homologous Recombination 
Repair (HR) and the Non-Homologous End Joining (NHEJ) 
mechanism. The HR mechanism copies the information from the DNA 
and restores the complementary sequence whereas the NHEJ repairs 
the free DNA ends by gluing them back together. 
 
3.3. The 3D Study of Chromatin 
 

In order to investigate the chromatin dynamics upon DNA 
damage we introduce a new dimension of study: the 3D study of the 
chromatin structure and how it changes upon oxidative stress. To this 
end we use two variants of Chromosome Conformation Capture (3C) 
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techniques named HiC and microC, by which we can quantify the 
frequency of interactions between pairs of loci by crosslinking, DNA 
fragmentation and the ligation of proximal ends (11–14).  
 
3.3.1. The experimental data 
 
3.3.1.1. Hi-C 
 

Hi-C consists in the quantification of genome-wide contacts (15), 
derived from the Chromosome Conformation Capture (3C) technique. 
In this technique a sample gets cross-linked with formaldehyde and 
posteriorly fragmented with a restriction enzyme. Next, the 
fragmented ends are filled with nucleotides marked with biotin in 
order to facilitate the posterior quantification of interactions. The 
proximal fragments are ligated forming chimeric molecules that 
contain the two regions that were previously cross-linked. Finally, the 
DNA is purified and sheared by sonification before getting sequenced 
(see Figure 3.2). Finally, the reads are mapped into the genome, with 
chimeric segments signaling the presence of close contacts between two 
regions of the genome. 
 

 
 
Figure 3.2. Scheme of a Hi-C experiment adapted from (15). 
 

Capture Hi-C is a variation of the Hi-C protocol but instead of 
computing all genome-wide contacts it restricts the analysis to those 
between regions targeted by designed probes (16, 17). In this technique 
we can design a pool of primers to selectively purify different regions 
and enrich Hi-C ligation product libraries. This reduces the cost and 
allows an increase in coverage. 
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3.3.1.2. Micro-C 
 

Micro-C is another 3C-based technique used to quantify 
genome-wide contacts. The difference resides in the level of resolution, 
given that Micro-C allows us to obtain the contacts at a nucleosome 
level resolution. In this method we cleave DNA by using MNase 
instead of a restriction enzyme. Linker DNA is preferentially 
fragmented, and the chimeric molecules get sequenced to define two 
nucleosomes that are close in space. This technique can utilize 
crosslinkers of different sizes to capture proximal and distal 
nucleosome contacts. 
 
3.3.2. Hi-C and Micro-C data processing 
 

In order to study the 3D structure of chromatin we processed 
our obtained Hi-C and Micro-C data using TADbit (18) and HiC-Pro 
(19). We performed the corresponding quality control, mapping and 
filtering of our sequencing data following the previously published 
protocols. For both types of data, non-informative contacts (self-circle, 
dangling-end, error, duplicated and random breaks) were identified 
and filtered out. Lastly, following the mentioned processing steps, we 
generated contact matrices from the reads at different resolutions 
which allowed us to infer the changes in the chromatin conformation 
and visualize those using available tools (20–22). 

When comparing two conditions we are interested in 
quantifying the regions where the most prominent changes in contacts 
appear. To do so, we performed a differential analysis of both Hi-C and 
Micro-C data for different conditions using the R Bioconductor 
package diffHic (23). Additionally, we investigated the differences in 
chromosomal interaction domains (CIDs) and computed the insulation 
scores (24, 25) to assess the differences in DNA packaging and its 
organization into domains (i.e., regions which are more likely to self-
interact). Lastly, the 3D study of the chromatin was complemented 
with a chromatin fiber coarse-grained model (see Introduction) to 
further study the conformation changes under oxidative stress. 
 

In this chapter, we studied the response to oxidative stress from 
a low- to high-order chromatin structure point of view. Altogether, our 
2D and 3D analyses of chromatin structure enhance our understanding 
of the changes that chromatin undergoes during one of the most 
common DNA damage lesions. We showed that chromatin experiences 
complex structural changes under oxidative stress with a gain of 
interactions at very short distances (< 600 bp), a loss of interactions at 
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distances between 600 bp and 15 kb and then a gain of interactions at 
large distances (> 15 kb). Simultaneously, this was shown by the 
chromatin fiber coarse-grained model where nucleosome clutches were 
enhanced and reduced in size correlating with the increased number of 
CIDs that presented smaller sizes under stress. We also observed an 
increase in fuzziness in the overall nucleosome architecture with a 
stronger effect in upregulated genes. In line with this finding, our study 
revealed a loss of periodicity in the nucleosome arrangement and a 
slight redistribution of the NFR length at the TSS with a higher 
proportion of shorter NFRs in oxidative stress samples. These results 
agree with our previously presented results where higher fuzziness 
was linked to nucleosome architectures with less periodic profiles, 
which might be linked to the need to have more dynamic nucleosomes 
in order to allow repair mechanisms to access damaged regions. 
Moreover, the different results at various levels of chromatin dynamics 
could reflect the different type of DNA lesions caused by oxidative 
stress that activate different repair pathways. Base lesions are repaired 
essentially by the Base Excision Repair (BER) pathway (26) and 
Nucleotide Excision Repair (NER) while Non Homologous End Joining 
(NHEJ) and Homologous Recombination (HR) pathways are triggered 
when single and double strand breaks occur (27). 

Examining chromatin behavior in both 2D and 3D provides a 
broader insight into the mechanisms regulating chromatin 
organization within the genome. Furthermore, this helps clarify the 
significant role that chromatin plays in biological processes and gene 
expression mechanisms. 
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Abstract 
The genome is constantly exposed to damaging agents which can be either extrinsic (e.g., UV 
light, pollution) or intrinsic (e.g., reactive oxygen species). This can lead to mutations, and 
eventually to disorders such as cancer if the DNA lesions are not properly detected and repaired. 
Recently, it has been shown that mutation signatures in cancer genomes are not randomly 
located suggesting an important role of the chromatin structure on either the formation of 
lesions or on the repair process (due to the accessibility to the damage by the repair machinery). 
In order to study the role of chromatin on the localization of DNA damage, we studied the impact 
of oxidative stress on 3D genome organization and on the chromatin fiber structure. Using Hi-C 
and Micro-C techniques combined with Molecular Dynamic simulations, we observed a local 
decondensation of the chromatin fiber with a clear rearrangement of the nucleosomes in 
damaged regions and in up-regulated genes. This local decondensation is associated with an 
increase in long range interactions that maintain the overall organization of the genome. These 
results suggest that nucleosomes are sufficiently dynamic to allow the repair machinery to 
access the damaged regions and that the overrepresentation of mutations in nucleosomal DNA 
is more likely the result of lesions occurring at the surface of the nucleosomes, as suggested by 
Wu et al. 2018, rather than because the nucleosomes are physically blocking the repair process. 

Introduction  
 

Oxidative stress is caused by an imbalance between production and accumulation of reactive 
oxygen species (ROS) in cells, which affects lipids, proteins, lipoproteins, and DNA, damaging 
cellular structures such as membranes and organelles (Schieber and Chandel 2014; Reichmann 
et al. 2018). Oxidative DNA damage is linked to base modifications, 8-oxoG being the most 
abundant one, and formation of apurinic sites (reviewed in (Dizdaroglu et al. 2002; Wallace 
2002; Cooke et al. 2003)). The failure to fix these DNA lesions leads to mutagenesis and 
ultimately to cancer, accelerated aging and neurodegenerative disorders (Kreuz and Fischle 
2016). Over the last few years, several techniques profile (OxiDIP-seq (Amente et al. 2019) is 
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based on immuno-precipitation using 8-oxodG antibodies, or entrap-seq (Fang and Zou 2020) 
OG-seq (Ding et al. 2017) , click-code-seq (Wu et al. 2018)) have been developed to map 8-oxoG 
(reviewed in (Mingard et al. 2020; Poetsch 2020). While most of the studies suggest an over-
representation of 8-oxoG in 5’UTR, promoters, and more generally, in euchromatin, click-code-
seq (Wu et al. 2018) reveals an over-representation of 8-oxoG in telomeres, in nucleosomal DNA 
and in region with low polII signal. Hydroxyl radicals can also induce intra-strand crosslinking, 
DNA single-strand breaks (SSBs) and double-strand breaks (DSBs) that lead to genome instability 
(Ye et al. 2016; Zhang et al. 2019). Interestingly, 8-OxoG (mapped using OxiDIP-seq) seem to 
strongly correlate with DSBs revealed by H2AX phosphorylation in both human and mouse 
epithelial cells (Amente et al. 2019). Several studies have shown that oxidative stress affects 
histone post translational modifications (PTM) and DNA methylation (Niu et al. 2015; Casali et 
al. 2022) and that several chromatin regulators are involved in the diamide stress response 
(Weiner et al. 2012). A systematic study of 26 histone PTM after diamide stress showed that 
most of the changes in histone marks correlated with RNA Pol II transcription (e.g., H3K56ac) 
and DNA damage (e.g. H2AS129ph), which suggest some impact in chromatin structure (Weiner 
et al. 2015). 

Chromosome conformation capture (3C)(Dekker et al. 2002; Bohn and Heermann 2010; van 
Steensel and Dekker 2010; Bau and Marti-Renom 2011; Kalhor et al. 2011; Fudenberg and Mirny 
2012; Hakim and Misteli 2012; Mifsud et al. 2015; Marti-Renom et al. 2018) and ultra-resolution 
microscopy alone (Otterstrom et al. 2019; Xu et al. 2020; Miriklis et al. 2021) or the two 
combined (Neguembor et al. 2022) have provided the community the possibility to look at sub-
nucleosome resolution at chromatin structure and how it changes as consequence of cellular 
needs (Handoko et al. 2011; de Wit et al. 2015; Lupianez et al. 2015; Dehingia et al. 2022), cell 
cycle (Deniz et al. 2016; Lazar-Stefanita et al. 2017), senescence (Sati et al. 2020), quiescence 
(Swygert et al. 2019) or differentiation (Pekowska et al. 2018; Neguembor et al. 2022). However, 
while several risk loci have been mapped structurally (Dryden et al. 2014; Jager et al. 2015; 
Martin et al. 2015; Baxter et al. 2018), and some connections between nucleosomal architecture 
and cancer-mutations have been made (Pich et al. 2018) there is not a general picture of the 
way in which chromatin reacts to DNA lesions (Hauer et al. 2017).  

In this paper, we combine gene expression analysis, MNase-Seq, Hi-C, Micro-C experiments with 
coarse-grained and data-driven models of the 3D genome structure (Buitrago et al. 2021; 
Neguembor et al. 2022) to explore how the changes produced by oxidative stress affect 
chromatin structure. We demonstrate that DNA lesions lead to different levels of condensation 
and decondensation of chromatin which correlated with transcriptional changes and DNA 
damage.  

 

Results 
 

Cellular response to oxidative stress 
Oxidative stress (OS) (see Methods) slightly reduces cell viability (Figure 1A) and causes cells to 
arrest in G1 during 3 hours before they can re-enter in S phase and resume cell division (Figure 
1B). To remove any cell cycle bias in our study, all experiments presented hereafter were 
performed comparing cells collected 30 minutes after induction of oxidative stress, with control 
cells synchronized in G1 (see protocol scheme in Supplementary Figure S1A). Indeed, their DNA 
content and cell morphology (Supplementary Figure S1B) as well as their microtubule 
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organization (Supplementary Figure S1C) showed that cells were in G1 phase in both samples, 
allowing a fair comparison of data. 

 

Figure 1. Cellular response to oxidative stress (OS). (A) Spot viability test under control (top row) 
and OS (bottom row) conditions. Cells were diluted and seeded at several concentrations (from 
left to right, OD600 = 10-1, 10-2, 10-3, 10-4). (B) Fluorescence intensity after flow cytometry of 
control (left panel) and OS (right panel) samples, collected at different time points after α-factor 
removal. (C) Heat map of the H2AS129ph ChIP-seq signals, centered at the transcription start 
site (TSS) and covering a region of +/- 2 kb. The color label indicates the level of enrichment. (D) 
Localization of differential (DiffBind package, p < 0.05) H2AS129ph peaks along the genome. No 
weaker signals were detected in OS with respect to control. (E) Gene expression difference 
between OS and control samples. RNA level difference is plotted on the x axis and the adjusted 
p-value (padj) on the y axis. The selected differential threshold is +/- 0.6 log2(fold change) for 
the RNA level and 0.05 for padj. Downregulated (N = 503) and upregulated (N = 318) genes are 
show in red and green, respectively. In each case, the 5 genes with the highest change are 
identified. 

Our H2O2 treatment produced DNA damage, including double strand breaks (DSBs) as evidenced 
by the increase of H2AS129ph immunostaining signal (Supplementary Figure S1D) and of 
H2AS129ph ChIP-seq signal (Figure 1C) with 391 genomic regions showing a stronger signal upon 
OS (Figure 1D). A stronger signal of RAP1, a transcription factor involved in telomere 
maintenance and chromatin silencing, is also observed suggesting some lesions at telomeres, 
which are guanine-rich and therefore more susceptible to OS (Supplementary Figure S1E). This 
effect is corroborated by a significant increase of H2AS129 phosphorylation at telomeres with 
29 ChIP-seq peaks located on those regions (p-value = 0.0022).  

Effect of oxidative stress on gene expression 

Transcriptomic analysis indicates that 12% of the genes changed expression in response to 
oxidative stress with 318 upregulated genes that include well characterized stress response 
genes (e.g. HSP30, DDR2) and 503 downregulated genes, including CLN1 and CLN2 as expected 
by the arrest of the cells at the checkpoint G1/S (Figure 1E). Gene Set Enrichment Analysis (GSEA) 
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revealed that translation, cellular response to oxidative stress and electron transport chain 
pathways were upregulated; while cell cycle, DNA replication and telomere maintenance 
pathways were downregulated (Supplementary Figure S1F). Among all the environmental stress 
response genes (ESR) known to be induced by various stress agents (Gasch et al. 2000), the genes 
playing a role in redox regulation and described in (Jamieson 1998; Gasch et al. 2000) presented 
a 1.5 to 4 fold change increase of their expression. However, the expression of the transcription 
factor YAP1, one of the key players in the regulation of the oxidative stress response, did not 
increase. Previous studies showed that nuclear import of Yap1p protein is enhanced in response 
to oxidative stress (Kuge et al. 1997), and our results suggest that the oxidative stress response 
is not due to an increase in YAP1 transcription but rather an increase in the import of cytoplasmic 
Yap1p protein into the nucleus. 

Oxidative stress affects the structure of the chromatin fiber 
Apart from the -1 and +1 nucleosomes at the Transcription Start Site (TSS), and the last 
nucleosome at the Transcription Termination Site (TTS), nucleosome occupancy seems globally 
reduced under OS (Figure 2A-C), with a stronger effect in upregulated genes than in 
downregulated genes. Oxidative stress also leads to a global increase in nucleosome fuzziness 
(i.e., decrease in well-localized nucleosomes) revealed by higher fuzziness scores (Figure 2D). 
This increase of fuzziness is larger in upregulated genes (Figure 2E) than in downregulated genes 
(Figure 2F), and it is also observed in regions with stronger H2AS129ph signal (Figure 2G). In line 
with this finding, we also observed a loss of periodicity in the nucleosome arrangement 
(Supplementary Figure S2A) and a slight redistribution of the Nucleosome Free Regions (NFRs) 
length at the TSS with a higher proportion of shorter NFRs in OS samples (Supplementary Figure 
S2B). 

 

Figure 2. Nucleosome organization under oxidative stress (OS). Nucleosome positioning along 
the gene in the whole genome (A), and in upregulated (B) and downregulated (C) genes. 
Distribution of fuzziness score for nucleosomes in the whole genome (D), upregulated genes (E), 
downregulated genes (F) and regions with stronger H2AS129ph signal (G). Median, quartiles and 
extreme values are represented as box plots.  

Figure 2. Nucleosome organisation under oxidative stress (OS). Nucleosome positioning along the
gene in the whole genome (A), and in upregulated (B) and downregulated (C) genes. Distribution of
fuzziness score for nucleosomes in the whole genome (D), upregulated genes (E), downregulated
genes (F) and regions with stronger H2AS129ph signal (G). Median, quartiles and extreme values
are represented as box plots.
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Nucleosome positioning along the DNA contributes to the structure of the chromatin fiber and 
the increase of fuzziness caused by oxidative stress strongly suggests an alteration of the 
chromatin conformation. Analysis of the differential interactions between conditions at a fine 
Micro-C scale (nucleosome resolution) shows that the interactions between nucleosomes 
occurring at very short distances (up to 600 bp) are mainly gained in OS, while interactions 
further apart than 600 bp are mainly lost (Figure 3A). This tendency is more evident in 
upregulated genes, but also observed in downregulated genes and, to a lesser extent, in 
damaged genes where H2AS129ph signal is enriched (Figure 3B). 

 

Figure 3. Micro-C differential interactions between oxidative stress and control samples. (A) 
Distribution of differential chromatin interactions as a function of the genomic distance. Gray 
bars represent interactions gained and red bars represent interactions lost in oxidative stress 
samples. Only interactions with counts above 10, absolute log2 fold change greater than 0.6 and 
false discovery rate < 0.05 were considered as differential. (B) Number of differential chromatin 
interactions for all, up regulated and down regulated genes, and damaged regions (with 
enriched H2AS129ph). (C) Insulation score in a window of 4 kb around CID borders in control 
(black) and oxidative stress (red) samples. 

This curious OS-induced alteration of the pattern of nucleosome contacts (global increase in 
proximal contacts and reduction in remote ones) leads to an interesting change in chromatin 
interactions domains (CIDs) whose number and definition increase (Suppl. Table S1, and Figure 
3C), while their size decreases (Supplementary Figure S2C). To illustrate these results with 
specific genes, contact maps for three representative chromatin regions containing the 
upregulated gene APJ1, the downregulated gene ERG5 and the damaged region HOL1-BIO3 are 
presented (Supplementary Figure S3). We observe a reduction of nucleosome interactions 
between the APJ1 and the neighboring genes, associated with an increase of the insulation score 
on both sides of the gene, the effect being stronger at its promoter region (Supplementary 
Figure S3A). Nucleosomes also appear fuzzier along the gene. As a consequence, upon 
transcription activation, the gene APJ1 is no longer part of a larger CID but forms a smaller CID 
on its own. This reorganization could facilitate transcription re-initiation to reach a higher level 
of expression by co-localizing the TTS and TSS closer in space, as seen in modelled 3D structures 
obtained with our coarse-grained model with base pair resolution (see Supplementary Figure 
S4). In contrast, the down-regulated gene ERG5 has nucleosomes with similar fuzziness in both 
conditions, even showing in the OS sample better positioned +1/+2 nucleosomes and a smaller 
previous NFR. In addition, a clear re-organization of the CID including ERG5 can be observed with 
reduced insulation score between neighboring regions and ERG5 interacting with more distant 
genes and being included in a larger CID in the OS condition (Supplementary Figure S3B), leading 

Figure  3. Micro-C  differential  interactions  between  oxidative  stress  and  control  samples.  (A)
Distribution of differential chromatin interactions as a function of the genomic distance. Gray bars
represent interactions gained and red bars represent interactions lost in oxidative stress samples.
Only  interactions  with  counts  above  10,  absolute  log2  fold  change  greater  than  0.6  and  false
discovery  rate  <  0.05  were  considered  as  differential.  (B)  Number  of  differential  chromatin
interactions for all, up regulated and down regulated genes, and damaged regions (with enriched
H2AS129ph). (C) Insulation score in a window of 4 kb around CID borders in control (black) and
oxidative stress (red) samples.
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to a smaller decrease in chromatin interactions than those noted for APJ1. We also analyzed a 
representative region containing 4 genes (HOL1 and BIO3, 4 and 5) which are damaged, but 
whose expression is not changing (Supplementary Figure S3C). Clearly, DNA damage alone can 
trigger a re-organization of the chromatin, in this case with an increase in the locality of the CIDs 
similar to that of upregulated genes. In summary, despite global analysis suggest a general effect 
of oxidative stress tends increase the number of CIDs, but decreasing their size, gene variability 
is large and detected changes depends on the expression level and the level of damage. 

Finally, MNase-Seq and Micro-C data were combined with our coarse-grained model 
(Neguembor et al. 2022) to simulate the chromatin fiber corresponding to different genes 
containing at least six nucleosomes. Figure 4 shows representative structures from the 
generated ensembles of a damage region including the YER107W-A gene, along with the contact 
maps resulting from the whole ensemble of structures (right) highly correlated to Micro-C 
experimental maps (left) for both control and OS samples. Integration of the data derived from 
deconvolution of MNase-seq signals (including cell variability) gives a general decrease in the 
number of nucleosomes in response to oxidative stress. The fibers appear more extended in the 
stressed samples than in the control, especially for upregulated and damaged genes (Figure 4A 
and Supplementary Figure S7). Interestingly, the structures from Figure 4A and the distance 
distributions between nucleosomes (N/N+x) from Figure 4B show that in OS samples smaller 
and better-defined nucleosome clutches of 3-4 nucleosomes are formed, quantified by 
increased overlaps between N/N+1 distance distribution and N/N+x distance distributions (for x 
= 2, 3, 4) detailed in Figure 4B. These results are general as evidenced by the internucleosome 
distance distributions and overlaps for all simulated upregulated and damaged genes (Figure 4D 
and Supplementary Figure S5). Representative structures for upregulated genes size displaying 
defined nucleosome clutches are shown on Supplementary Figures S4 and S6. This is in line with 
the aforementioned gain in chromatin interactions at short genomic distances (< 600 bp) and 
the loss of periodicity in the nucleosome arrangement across the genome (Supplementary 
Figure S2A). On the other hand, the extension of the chromatin fiber, arising from the loss of 
interactions beyond 600 bp (and until 15 kbp, see the following section) is represented by an 
increase in the radius of gyration observed for all upregulated genes that were simulated, as 
well as in genes with increased H2AS129ph signal (Supplementary Figure S7). Again, the effect 
is less evident or even reversed in downregulated genes (Supplementary Figure S7). 
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Figure 4. A-C) Chromatin fiber models for YER107W-A gene obtained with the coarse-grained 
approach at the nucleosome level. A) Representative structures extracted from the ensembles 
for control and oxidative stress samples. Nucleosome clutches are highlighted with dashed 
circles. B) 3D distance distributions between nucleosome N and nucleosome N+x (x = 1, 2, … 
representing subsequent positions in the sequence) obtained for the ensemble structures in 
control and oxidative stress samples. Overlap between N/N+1 and N/N+x distributions are 
shown (x = 2, 3, 4). Overlap = normalized proportion of the unitary area under the N/N+x curve 
below the median of the N/N+1 distribution (overlap = 1 means equal median for both 
distributions). C) Micro-C contact matrices from experiment and model for control and oxidative 
stress samples. Pearson correlation coefficients are shown. D) Overlap values between N/N+1 
and N/N+x distance distributions (x = 2, 3, 4) for modelled genes (upregulated, downregulated, 
and damaged) for both conditions (control and oxidative stress). 
 

Effect of oxidative stress on 3D whole genome structure 
The loss of interactions at the longer genomic distances observed by Micro-C (beyond 600 bp) 
is confirmed by Hi-C data, which show that chromatin interactions at intermediate genomic 
distances (between 1-15 kb) largely decrease upon oxidative stress. However, the contrary trend 
is found for large genomic distances (> 15 kb), where oxidative stress leads to a global gain of 
intra- and inter- chromosomal contacts (Figure 5A-C), mainly related to centromere contacts. 
Globally, 75% of the differential interactions occurring in gene regions are lost but this effect is 
even more pronounced for the upregulated genes where 95% of the differential interactions are 
lost in oxidative stress . This percentage decreases to 55% for downregulated genes and to close 
to 60% for the damaged genes. Out of the 763 genes that significantly lost or gained chromatin 

Figure 4. A-C) Chromatin fibre models for YER107W-A gene obtained with the coarse-grained
approach at the nucleosome level. A) Representative structures extracted from the ensembles for
control and oxidative stress samples. Nucleosome clutches are highlighted with dashed circles. B)
3D distance distributions between nucleosome N and nucleosome N+x (x = 1, 2, … representing
subsequent positions in the sequence) obtained for the ensemble structures in control and oxidative
stress samples. Overlap between N/N+1 and N/N+x distributions are shown (x = 2, 3, 4). Overlap =
normalized proportion of the unitary area under the N/N+x curve below the median of the N/N+1

distribution (overlap = 1 means equal median for both distributions). C) Micro-C contact matrices
from  experiment  and  model  for  control  and  oxidative  stress  samples.  Pearson  correlation
coefficients are shown. D) Overlap values between N/N+1 and N/N+x distance distributions (x = 2,
3, 4) for modelled genes (upregulated, downregulated, and damaged) for both conditions (control
and oxidative stress).
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interactions, 18% are differentially expressed and 4% have a damage causing H2AS129 
phosphorylation. The other genes could have suffered milder damage (not mapped by 
H2AS129ph) or could be already under repair. 

 

Figure 5. Hi-C differential interactions between oxidative stress and control samples and 3D 
modelling of chromatin structures. (A) Distribution of differential chromatin interactions as a 
function of the genomic distance. Gray bars represent interactions gained and red bars 

Figure  5. Hi-C  differential  interactions  between  oxidative  stress  and  control  samples  and  3D

modelling  of  chromatin  structures.  (A)  Distribution  of  differential  chromatin  interactions  as  a

function of the genomic distance. Gray bars represent interactions gained and red bars represent

interactions lost in oxidative stress samples. Only interactions with counts above 10, absolute log2

fold change greater than 0.6 and false discovery rate < 0.05 were considered as differential. (B, C)

Circos plots displaying the positions of the gained (B) and lost (C) interactions in oxidative stress

across the genome. (D) Representative 3D chromatin structures for the whole genome for control

(left) and OS (right) samples. Centromeres are indicated as red spheres. (E,F) Distribution of radius

of gyration for (E) centromeres and (F) telomeres in control (gray) and OS (red) samples.  (G)

Difference  between  OS  and  control  samples  in  percentage  of  ensemble  structures  locating

upregulated (red)  or  control  (gray)  genes  on the  periphery of  the  genome structure (accessible

surface). 25 top upregulated genes, and 25 genes with the highest expression among samples and

without difference in expression between samples (OS and control) were considered, respectively.

(H,I) Radius of gyration (mean +/- standard deviation) computed (H) around centromeres (+/- 10

kb) and (I) on the whole chromosome for the control (black) and oxidative stress (red) ensemble

models.
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represent interactions lost in oxidative stress samples. Only interactions with counts above 10, 
absolute log2 fold change greater than 0.6 and false discovery rate < 0.05 were considered as 
differential. (B, C) Circos plots displaying the positions of the gained (B) and lost (C) interactions 
in oxidative stress across the genome. (D) Representative 3D chromatin structures for the whole 
genome for control (left) and OS (right) samples. Centromeres are indicated as red spheres. (E,F) 
Distribution of radius of gyration for (E) centromeres and (F) telomeres in control (gray) and OS 
(red) samples. (G) Difference between OS and control samples in percentage of ensemble 
structures locating upregulated (red) or control (gray) genes on the periphery of the genome 
structure (accessible surface). 25 top upregulated genes, and 25 genes with the highest 
expression among samples and without difference in expression between samples (OS and 
control) were considered, respectively.(H,I) Radius of gyration (mean +/- standard deviation) 
computed (H) around centromeres (+/- 10 kb) and (I) on the whole chromosome for the control 
(black) and oxidative stress (red) ensemble models. 

Differential binding analysis of the SCC4 ChIP-Seq data (cohesion loader complex bound to 
chromatin) revealed that 291 sites were depleted of SCC4 signal and 28 showed a stronger signal 
in the OS sample (Supplementary Figure S8). As can be seen, many regions exhibiting loss of 
cohesin are correlated with the loss of chromatin interactions in adjacent regions (compare red 
to orange sites on Supplementary Figure S8). 

To model the effect of oxidative stress on the spatial organization of the whole genome, we first 
generated ensembles of 3D structures using our data-driven model of DNA (Neguembor et al. 
2022) at 1 kb resolution. As shown on representative structures (Figure 5D) and quantified for 
the whole ensembles (Figure 5E), centromeres appear to be more clustered in the treated 
samples, while telomeres remain more or less spread to a similar extent (Figure 5F). Actually, in 
control cells, telomeres are mainly clustered compared to OS, but exhibit some structures with 
“open arms”. Also, upregulated genes under OS show a tendency to migrate to the periphery of 
the whole genome structure (Figure 5G). When analyzing each chromosome structure 
separately, several chromosomes tend to be globally more compact as indicated by the decrease 
of their radius of gyration (Figure 5H). However, some of them, especially the larger ones (e.g. 
chromosomes IV and XII) are decondensed and practically all the pericentromeric regions 
present an inverted tendency (Figure 5I), consequent with the loss of interactions found in the 
shorter -below 15 kb- genomic distances (Figure 5A). Globally, the yeast genome organization 
leads to a bigger nucleus with 11% increase of its volume upon stress (1,64 µm3 vs 1,47 µm3 for 
the control cells, Supplementary Figure S9). This increase is relatively small considering the local 
decondensation of the chromatin fiber and could be a consequence of a steric constraint 
imposed by the nuclear membrane to control the volume of the nucleus. This global constrain 
also explain the increase of long-range cis and trans interactions (Figure 5B). 

Our integrative approach has allowed us to study in detail the 3D genome re-organization from 
low- to high-order chromatin structure in response to oxidative stress. Altogether, our results 
suggest that the chromatin is experiencing complex structural changes under oxidative stress 
with a gain of interactions at very short distances (< 600 bp), a loss of interactions at distances 
between 600 bp and 15 kb and then a gain of interactions at large distances (> 15 kb). 

Discussion 
Combining state-of-the-art modelling and experimental techniques we were able to relate a 
series of changes on chromatin structure generated by oxidative stress to differences in nucleus 
condensation, protein expression and DNA damage. First, oxidative stress induces an increase 
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in the fuzziness of the nucleosomes that seems to be stronger in up-regulated genes and regions 
showing DNA damage, generally accompanied by a decrease in nucleosome occupancy in the 
gene body and a decrease in the length of nucleosome free regions. These results suggest that 
oxidative stress has an impact on chromatin structure and could lead to a relaxation of the fiber, 
in agreement with chromatin decondensation reported by Hauer et al (Hauer et al. 2017) who 
observed histone degradation upon DNA damage in yeast cells. The effect observed in 
nucleosome positioning and nucleosome occupancy is correlated with changes in the chromatin 
fiber structure where we observed an increase of nucleosome interactions at distances below 
600 bp and a decrease of interactions at longer distances (> 600 bp). This was transduced to the 
chromatin fiber coarse-grained model where nucleosome clutches, as described by (Ricci et al. 
2015), were enhanced and reduced in size (no more than 4 nucleosomes), especially in 
upregulated genes and regions with DNA damage, also leading to more extended fibers. The 
correlation between gene expression, DNA damage and differential chromatin interactions was 
studied and revealed that close to 20% of all differential chromatin interactions were related 
with differentially expressed genes, while around 7% corresponded to regions experiencing DSB, 
which represent only one type of DNA damage induced by ROS (Wallace 2002). These results 
indicate that transcription and DNA damage were involved in the changes observed in the 
chromatin structure.  

The organization of the chromosomes into CIDs was also affected with an increase in the number 
of CIDs correlated with an increase in the insulation score and decrease in the size. 

The effects observed at the level of the chromatin fiber also have consequences at the level of 
the whole genome organization, where an increase of trans contacts was detected, while cis 
contacts were reduced, especially at distances < 15 kb. The increase of trans interactions and 
long range cis interactions might be due to physical constrains introduced by the nuclear 
membrane, despite the general opening of the chromatin fiber. We also observed that 
centromeres were more condensed, while telomeres were more spread out in response to 
oxidative stress, maybe due to the extensive DNA damage they suffer revealed by H2AS129ph. 
The phosphorylation of H2AS129 could promote some repulsion forces between the 
nucleosomes and the DNA backbone to create space for the DNA repair machinery, as suggested 
by Herbert et al. (Herbert et al. 2017).  

Altogether, our results show that chromatin is modulated by oxidative stress at two different 
levels, the first one at short-range distances where we observed a chromatin decondensation 
while long-range interactions and trans interactions increase. This suggests that the response to 
stress is a combination of events occurring in favor of the open-state of the chromatin, but with 
a complex and differential behavior depending on the resolution level (short internucleosome 
contact, long internucleosome contact, medium chromatin and long chromatin contacts). Also, 
the multiple level of response could reflect the different type of DNA lesions caused by oxidative 
stress (OxoG, single strand break and double strand break, etc) that activate different repair 
pathways. Oxidative base lesions are repaired essentially by the Base Excision Repair (BER) 
pathway (Maynard et al. 2009) and Nucleotide Excision Repair (NER) while Non Homologous End 
Joining (NHEJ) and Homologous Recombination (HR) pathways are triggered when SSBs and 
DSBs are detected (Friedberg 2003; Ciccia and Elledge 2010). It appears that the mechanism of 
3D genome organization upon oxidative damage is more complex than one single model as 
previously proposed for several studies in chromatin response after DNA damage (Hauer et al. 
2017; Herbert et al. 2017).  
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Material and methods. 
 

Yeast Strain 
In this study, we used the yeast Strain BCY123 (Mat a, pep4::HIS3 prb1::LEU2 bar1::HISG 
lys2::GAL1/10-GAL4 can1 ade2 trp1 ura3 his3 leu2-3, 112 Dlys2cir+GAL+RAF+SUC). 

Oxidative Stress treatment 
S.cerevisiae cells were cultivated in 350 ml of YPD medium to OD600=0.3. Then, cells were 
synchronized in G1 phase with 100 nM α-factor mating pheromone (GenScript). α-factor was 
removed by washing the cells 3 times before they were re-cultured in new YPD medium during 
10 min. Control cells were collected and while the rest of the cells were treated with 10 min with 
10 mM H2O2, as previously described in (Azevedo et al. 2011). Treated cells were centrifuged 5 
min at 1500 g, washed and cultivated 30 min more in fresh YPD medium before being harvested. 

Spot assay 
To test the effect of our treatments on cell viability, the spot assay was performed as described 
in (Zechmann et al. 2011). Briefly, cells were diluted to OD600 10-1, 10-2, 10-3, 10-4. 5 µl of each 
dilution were spotted onto a YPD agar plate and cultivated at 30ºC for two days. 

Flow Cytometry analysis 
Monitoring of cell cycle synchrony was followed by flow cytometry and fluorescence 
microscopy. Flow Cytometry was performed using 1 ml yeast cells at OD600 =0.6 fixed with 1 ml 
of 100% cold Ethanol that was added slowly during vigorous mixing. After 1h at 4ºC, cells are 
fixed. The cells were centrifuged 5 min at 13200 g at 4ºC and washed with 500 µl of 1X PBS. Half 
of the cells were collected for observation by fluorescence microscopy.  

The other half of the cells were washed with 500 µl of 1X SCC buffer, centrifuged, and the pellets 
were resuspended in 250 µl of 1 X SCC buffer, supplemented with 12.5 µl of 10 mg/ml RNase A 
and incubated for 90 min at 50ºC. 6.25 µl of 20 mg/ml Proteinase K were added and cells were 
incubated 90 min at 50ºC. Cells were then sonicated for 10 min (at intervals of 10 sec on -20 sec 
off) at medium power (Bioruptor® Pico (Diagenode)). To avoid aggregates, 1 ml of PBS-Triton 
0.1% and 2.5 µl of EDTA 0.5M were added and cells were stained with 1 µM SytoxGreen 
(Invitrogen). Finally, the fluorescence emitted was measured by Beckman Coulter Gallios® flow 
cytometer.  

Fluorescence Microscopy 
Cells were stained with 1 µg/ml DAPI for 5 min at RT and washed three times with 1X PBS. Pellets 
were resuspended in 20 µl of 1 X PBS. 5 µl of sample and 5 µl of Prolong Gold anti-fade mounting 
medium were mixed on a glass slide and stored in the dark at room temperature at least 24 
hours before observation with a SP5 microscope (Leica).  

Determination of nucleus surface by IMARIS 
Confocal pictures were used to calculate the volume and the length of the nuclei using Bitplain 
IMARIS® (Oxford instruments). 

Immunofluorescence  
Immunofluorescence was performed with the protocol described in (Silver 2009). Briefly, 25 ml 
yeast cells were incubated with Zymolase (Genotech, Inc) to digest the cell wall and obtain 
spherosplasts. 50 µl of spheroplasts were mixed with 200 µl Methanol for 6 min at RT to 
permeabilize the membranes. After centrifugation, pellets were resuspended with 500 µl of 1X 
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PBS-BSA 1% incubated for 1 hour at RT and washed again three times with 1X PBS. Spheroplasts 
were then incubated with 1 µg/ml of primary antibody in 1X PBS-BSA 1%, during 1 hour at RT. 
Then, samples were washed 3X and incubated 1 hour at RT with secondary antibody diluted 
(1:1000) in 1X PBS-BSA 1%, washed and DNA was labelled by incubating the samples with 1 
µg/ml DAPI for 5 min at RT. The excess of DAPI was removed by three washes and samples were 
mounted as previously described with Prolong Gold. Finally, samples were observed using a SP5 
microscope (Leica, Inc) or a LSM 880 Airyscan microscope (Zeiss, Inc).  

Quantification of Histone marks signal using Immunofluorescence 
For the automated detection of H2AS129ph foci inside the yeast nuclei cells, we developed a 
macro in the ImageJ software. Images taken with the confocal microscope were z maximum 
projected. A threshold was applied to the DAPI signal and the images of the nuclei were 
converted to binary images that were used as a mask. A mathematical operation was performed 
between the mask and the H2AS129ph foci channel. ROI manager tool was used to measure the 
mean intensity values of each foci for each nucleus independently. 

Yeast RNA Isolation 
25 ml of yeast cells were collected by centrifugation at 1500 g for 5 min at 4ºC. Pellets were 
frozen in dry ice and stored at -80ºC. The next day, samples are left to defrost on ice and cells 
were resuspended in 400 µl AE buffer (NaAc 50 mM, EDTA 10 mM, pH5) supplemented with 40 
µl of Sodium Dodecyl Sulfate (SDS) and 300 µl of glass beads was added. 400 µl of Phenol Acid 
was added and the samples were vigorously vortexed, alternating 1 min vortexing and 1 min on 
ice, repeated 3 times. Samples were then incubated 10 min at 65ºC with shaking and 5 min on 
ice, centrifuged 5 min at 13200 g at 4ºC and supernatants were collected. After 2 chloroform 
extractions, RNA was Ethanol precipitated and suspended in 100 µl of nuclease free water. 

Stranded mRNA library preparation and sequencing 
To determine the total RNA quality and quantity was used Qubit® RNA HS Assay (Life 
Technologies, Inc) and RNA 6000 Nano Assay on a Bioanalyzer 2100 (Agilent, Inc). 

The RNASeq libraries were prepared following KAPA Stranded mRNA-Seq Illumina® Platforms 
Kit (Roche,Inc) following the manufacturer´s recommendations. Total RNA (500 ng) was 
enriched for the polyA mRNA fraction and fragmented by divalent metal cations at high 
temperature. In order to achieve the directionality, the second strand cDNA synthesis was 
performed in the presence of dUTP. The blunt-ended double stranded cDNA was 3´adenylated 
and Illumina platform compatible adaptors with unique dual indexes and unique molecular 
identifiers (Integrated DNA Technologies,Inc) were ligated. The ligation product was amplified 
with 15 PCR cycles and the final library was validated on an Agilent 2100 Bioanalyzer with the 
DNA 7500 assay (Agilent, Inc). The libraries were sequenced to 20 million reads on HiSeq2500 
(Illumina, Inc) using TruSeq SBS Kit v4-HS (Illumina,Inc), in paired-end mode with a read length 
of 2x76bp following the manufacturer’s protocol. Images analysis, base calling and quality 
scoring of the run were processed using the manufacturer’s software Real Time Analysis 
(1.18.66.3).  

Mapping and quantification 
Around 95% of the reads were mapped against the reference genome (S.cerevisiae release 74 + 
artificial plasmids) with the GEM software (v1.7.0) (Marco-Sola et al. 2012) allowing for split 
maps. As expected most of the reads mapped to exonic regions (92%). Genes were quantified 
using Flux-Capacitor (v1.6.1) (Montgomery et al. 2010) and normalized by the TMM method of 
the edgeR software (Robinson and Oshlack 2010).  
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Gene Set Enrichment Analysis (GSEA) 
Using the list of genes ranked by expression level, we run GSEA software (Subramanian, Tamayo, 
et al. 2005) to identify gene sets (http://ge-lab.org/gskb/) enriched in the up and down regulated 
genes. GSEA was executed with the following parameters: score='weighted', 
summarize='Median_of_probes', minSize=5, maxSize=2000, numplots=25, permutations=1000. 

Micrococcal Nuclease Digestion. 
Micrococcal Nuclease (MNase) digestion was performed on the Semi-Intact yeast cells as 
described in (Deniz et al. 2011). The optimal conditions of MNase digestion necessary to obtain 
more than 80 % of mono-nucleosomes were first established using a small aliquot of cells before 
preparing the large-scale reaction required for the MNase-Seq experiment. See supplementary 
material for detailed protocol. Once the optimal conditions were set up (30 min incubation with 
0.02 U of MNase often gives the best results), the reaction was scaled up to digest 0.6 x 109 cells 
to obtain at least 3 µg of DNA for the sequencing.  

Chromatin immunoprecipitation (ChIP) 
ChIP experiment for H2AS129ph was performed, as previously described in (van Attikum et al. 
2004) while ChIP experiment for the SCC2/SCC4 complex was performed as reported in (Lopez-
Serra et al. 2014). The detailed protocols are described in supplementary material.  

Micro-C methodology 
Micro-C analysis were performed as described in (Hsieh et al. 2016) with few modifications . 
Cells were crosslinked with 3% formaldehyde for 15 min and the reaction was quenched with 
125 mM Glycine 5 min. Spheroplasts were prepared as described in section (Semi-Intact yeast 
cell preparation) and MNase digestion was performed using the conditions defined previously. 
Reactions were stopped adding 2 mM EGTA and incubated 10 min at 65ºC, centrifuged 5min at 
1000 g at 4ºC. 

Micro-C protocol was performed using pellet as a sample as reported in (Hsieh et al. 2016), but 
removing the BSA in the end-labelling reaction that was performed with 100 µM of each 
nucleotide. The ligation reaction was incubated 1hour at RT and then at 16ºC overnight, shaking 
at 300 rpm. After proteinase K incubation, samples were purified with phenol extraction and 
Ethanol precipitated as previously described, resuspending the sample in 50 µl of sterile H2O. 
The quality of the Micro-C libraries was tested by agarose electrophoresis to check the 
proportion of fragments around 300 bp (the size of two nucleosomes ligated) in the Micro-C 
sample compared to the initial MNase digestion pattern. 

The paired-end Micro-C-sequencing libraries were prepared with KAPA Library Preparation kit 
(Roche, Inc) with some modifications. The biotin marked and de-crosslinked DNA was sheared 
to a size of 300-500 bp on Covaris™ LE220 (Covaris, Inc) focused-ultrasonicator. The fragmented 
DNA was end-repaired, adenylated and the biotin-tagged DNA was pulled down using the 
Dynabeads™ MyOne™ Streptavidin C1 beads (Thermo Fisher Scientific, Inc). The biotinylated 
fragments were ligated to Illumina platform compatible adaptors with unique dual indexes and 
unique molecular identifiers (Integrated DNA Technologies, Inc) and enriched by 12 PCR cycles 
by KAPA HiFi PCR Kit (Roche, Inc). 

The libraries were sequenced to 40 million reads pairs on HiSeq2500 (Illumina, Inc) using TruSeq 
SBS Kit v4-HS (Illumina, Inc), in paired-end mode with a read length of 2x76bp following the 
manufacturer’s protocol. Images analysis, base calling and quality scoring of the run were 
processed using the manufacturer’s software Real Time Analysis (1.18.66.3).  
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Hi-C library preparation in budding yeast cells 
Hi-C was performed as previously described in (Belton and Dekker 2015) with some 
modifications described in supplementary material. After formaldehyde crosslinking, samples 
were poured into a pre-chilled mortar with liquid nitrogen. Once the sample were frozen, cells 
were crushed with the pestle during 30 min, adding liquid nitrogen every 5 min to keep the cells 
frozen. The broken cells were then transferred to a 50 ml falcon tube and 45 ml of ice-cold 1X 
NEBuffer 2 (NEB Biolabs, Inc) was added. Samples were centrifuged for 5 min at 1800g at 4ºC, 
supernatants were removed and pellets were resuspended in 1X NEBuffer 2 (NEB Biolabs, Inc) 
to have a final OD600 10. At this point, the sample can be stored at -80ºC for several years. Once 
the sample is unfrozen, pellet was resuspended in 2.7 ml 1X NEBuffer 2 and distributed 456 µl 
of cell lysate into each six 1.5 ml LoBind tube (Eppendorf, Inc). The digestion of the chromatin 
was performed as described in the original protocol. The libraries were sequenced to 60 million 
reads pairs on HiSeq2500 (Illumina, Inc) using TruSeq SBS Kit v4-HS (Illumina, Inc), in paired-end 
mode with a read length of 2x76bp following the manufacturer’s protocol. Images analysis, base 
calling and quality scoring of the run were processed using the manufacturer’s software Real 
Time Analysis (1.18.66.3). 

Nucleosome calling 
MNase-Seq paired-end reads were mapped to yeast genome (sacCer3, Apr. 2011) using Bowtie 
(Langmead et al. 2009) aligner, allowing a maximum of 2 mismatches and maximum insert size 
of 500 bp. Output BAM files were imported in R (Team 2011)and quality control was performed 
with htSeqTools package to remove PCR artifacts (Planet et al. 2012). Filtered reads were 
processed with nucleR package (Flores and Orozco 2011) as follows: mapped fragments were 
trimmed to 50 bp maintaining the original center and transformed to reads per million. Then, 
noise was filtered through Fast Fourier Transform, keeping 2% of the principal components, and 
peak calling was performed using the parameters: peak width 147 bp, peak detection threshold 
35%, maximum overlap of 80 bp, dyad length 50 bp. Nucleosome calls were considered well-
positioned when nucleR peak width score and height score were higher than 0.6 and 0.4, 
respectively, and fuzzy otherwise. A global score of nucleosome positioning for each nucleosome 
is computed as 1 – the sum of averaged width and height scores.  

Nucleosome Dynamics 
Nucleosome Dynamics R package (Buitrago et al. 2019) was used to find changes in nucleosome 
organization between control and treated samples. Nucleosome changes were obtained running 
Nucleosome Dynamics with the following parameters: maximum difference of 70, maximum 
length of 140, minimum number of reads to report a shift of 3, shifts threshold of 0.1, indels 
minimum number of reads to report evictions and inclusions (indels) of 3, indels threshold of 
0.05. 

Whole genome detection of binding ChIP-Seq signal 
The FastQC 0.11 software was used to perform an initial quality control of ChIP-Seq raw FASTQ 
files. Afterwards, reads were trimmed to remove Illumina adapter sequences identified with 
FastQC using AdapterRemoval v2.1.7 (Schubert et al. 2016). Trimmed reads were then aligned 
against the Saccharomyces cerevisiae sacCer3 genome assembly, using Bowtie 0.12.9 
(Langmead et al. 2009) allowing 1 mismatch (-n 1) and discarding reads aligning to more than 
one genomic location. Duplicated reads (potential PCR over-amplification artifacts) were 
identified and removed with sambamba v.0.5.1 (Feng et al. 2012) using default options. 
Genomic tracks for visual inspection were generated using IGVTools version 2.2.23 
(Thorvaldsdottir et al. 2013). Coverage ratio tracks were generated in R version 3.4.4 with the 
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coverage function from the GenomicRanges package version 1.30.3 (Lawrence et al. 2013) and 
exported using rtracklayer version 1.38.3 (Lawrence et al. 2009). Additional quality control (PCA-
like plots, Gini/Lorenz coverage distribution plots) were done using the htSeq Tools package 
version 1.26.0 (Planet et al. 2012). MACS 1.4.2 was used to identify putative binding sites with 
options -g 12e06 (S.cerevisiae genome size) and –keep-dup to maintain those duplicated reads 
not identified as artifacts by sambamba. The reported binding regions were annotated using the 
ChIPSeeker package version 1.14.2 (Yu et al. 2015), with the TxDb S.cerevisiae UCSC sacCer3 SGD 
Gene annotation package version 3.2.2, using options TSS Region=c (-100,100), overlap=all. 
Coverage profiles around annotated genes were generated using functions regions Coverage 
and plot Mean Coverage from the htSeq Tools package.  

For the SCC4 ChIP-Seq samples, the analysis was performed using the ChIP-Seq analysis pipeline 
described in (Afgan et al. 2018).  

Whole genome differential binding analysis of ChIP-Seq data between OS and Control 
conditions. 
The DiffBind package version 2.6.6 (Ross-Innes et al. 2012) was used to identify differential 
binding signal between OS and control conditions from the set of previously identified binding 
sites, using functions dba.count with default parameters, and function dba.analyze with options 
method=EDGER, bFull Library Size=FALSE, bSubControl=TRUE, bTagwise =FALSE. The reported 
differentially bound regions were annotated using the ChIPSeeker package as described above. 

The differential analysis between OS and control condition in SCC4 ChIP-Seq samples was 
performed using the web platform Galaxy as described in (Afgan et al. 2018). 

Whole genome and differential binding analysis of ChIP-Seq data between OS and 
Control conditions over Telomeric and other repeated regions. 
In order to study whole genome distribution in both conditions, and differential binding signal 
of H2A129ph in OS against control with relation to telomeric regions and other repeated 
elements, we performed an additional round of alignment as described in step 1, but this time 
allowing all possible alignment sites per read so that proportion of reads aligning with these 
regions could be compared between immunoprecipitated and control samples (Bayona-Feliu et 
al. 2017). Afterwards, whole genome and differential binding sites were identified and 
annotated using the same procedure described above. Statistical significance of co-localization 
of differential binding sites with telomeric regions was assessed using the RegioneR package 
version 1.10.0 (Gel et al. 2016) using 5000 permutations. 

Hi-C and Micro-C data processing and normalization 
We processed Hi-C and Micro-C data using TADbit (Serra et al. 2017) 
(https://github.com/3DGenomes/tadbit) for quality control, mapping and filtering. First, quality 
control was performed with the FastQC protocol implementation in TADbit. Then, reads were 
mapped to the reference yeast genome (sacCer3, Apr. 2011) with a fragment-based strategy. 
For the Hi-C data, non-informative contacts (self-circle, dangling-end, error, duplicated and 
random breaks) identified by TADbit were filtered-out. Off-target contacts (neither end of the 
read mapped to one of the capture regions) were also discarded. Finally, contact matrices were 
created from valid reads at different resolutions with the corresponding TADbit module, and low 
frequency bins were removed. Raw contact maps were normalized using the iterative correction 
approach described in (Imakaev et al. 2012). Contact map visualization and analyses of Hi-C data 
considered such balanced matrices if not stated otherwise. Intra-arms from regions with no 

https://github.com/3DGenomes/tadbit
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reads mapped at pairs that occur in the same fragment (diagonal element equal to zero) were 
set to zero. 

 

Differential Hi-C and Micro-C interactions 
Differential Hi-C/Micro-C analysis were performed using the R/Bioconductor package diffHic 
(Lun and Smyth 2015). The mapped data were filtered and the differential interaction analysis 
between the control and oxidative stress samples (using the two replicates for each treatment) 
was performed using the recommended procedure. 

Chromosomal interaction domains 
Chromosomal interaction domains (CIDs) were estimated using the rGMAP R package (Yu et al. 
2017) with default parameters. Normalized contact maps were considered with 1kb resolution 
binning. Regions with no reads mapped at pairs that occur in the same fragment (diagonal 
element equal to zero) were ignored.  

Insulator score 
A measure of the contact frequency along the chromosome at specific distances is calculated as 
in (Mizuguchi et al. 2014). The insulator score is found as the average over distances between 2 
kb to 15 kb. Normalized contact maps (Yu et al. 2017) are considered at 1 kb resolution binning. 

Contact probability plot 
Contact probability as function of intra-chromosomal distance P(s) was calculated following the 
strategy proposed in (Naumova et al. 2013) using the Hi-C normalized contact maps (Yu et al. 
2015) at 1 kb binning. 

Genomic separations were divided into logarithmically spaced bind from 2 kb and increasing by 
a factor of 1.2 as proposed in (Naumova et al. 2013) establishing 10 kb as a short-range threshold 
as published in (Lazar-Stefanita et al. 2017). For each bin, it was computed the number of 
observed Hi-C reads within the newly bin distance range and the number of fragment pairs 
separated by that distance range. The total number of reads in each bin was divided by the given 
number of possible fragment pairs. Normalization was done so that the P(s) curve under range 
distances integrates to 1. In this way, curves resulting from different observations can be 
compared.  

Subtraction plots  
Difference OS – Control contact maps were computed as follows. For any chromosome, log2 of 
one plus the normalized counts was calculated in the 4 samples. For each bin, the average 
difference of OS samples against Control samples was found. For visualization reasons, values 
higher than the 95% percentile were set at such 95% percentile, and values lower than the 5% 
percentile were set at such 5% percentile. 

 

Chromatin models using experimental data 
 
Hi-C based chromatin 3D structure 
High resolution Hi-C data at 1 kb was used to obtain the 3D structure, conformation and 
dynamics of entire yeast chromosomes and their context inside the nucleus. The Hi-C technique 
provides interaction contacts between DNA fragments. The interaction counts or frequencies 
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between two loci i and j (fij) can be converted to spatial 3D distances between those loci (dij) by 
an inverse relationship (equation 1), 

 

dij = 𝛾 / fij𝛼 1 

 

where 𝛾 represents the scale of the structure and is usually taken to match experimental 
distances between selected genomic regions, and the precise value of 𝛼 depends on the 
organism under study, the genomic distance, and the resolution of the HiC map and needs to be 
fitted (Zhang et al. 2013; Varoquaux et al. 2014; Adhikari et al. 2016). In the present work, 𝛾 was 
taken to reproduce the ellipsoidal axis lengths of the nucleus measured by microscopy and 𝛼 
was fitted to maximize the correlation between experimental and modeled contact maps. 

 

Since Hi-C interaction counts are known to present several biases, such as mappability of 
fragments, GC content, and fragment length, they were normalized using iterative correction 
and eigenvector decomposition (Imakaev et al. 2012). Finally, the output of the conversion 
procedure was a matrix containing equilibrium distances (r0) for the different interacting loci. To 
remove the background noise, a cutoff of two times the median of all trans contacts (i.e., 
between different chromosomes) was applied to the Hi-C contact map to define interacting 
regions. 

 

The chromosome model was built as a chain of beads, each bead representing a genomic region 
that corresponds to a bin from the Hi-C map. Spatial equilibrium distances were obtained from 
equation 1 as explained above. The distances between interacting beads (r) were restrained 
near their equilibrium length (r0) during the simulations by penalizing with a flat-welled parabola 
potential (equation 2) when approaching at shorter distances or moving away at longer 
distances than the equilibrium. A tolerance of one bead radius (rb) was applied. 

 

    2 

 

where k is the spring constant, r1 = r0 - rb and r2 = r0 + rb. 

 

To ensure proper connectivity of the fiber, consecutive beads were bound by a harmonic 
potential with a force constant five orders of magnitude stronger than that applied to interacting 
non-consecutive beads. An excluded volume was defined for each bead to avoid 
interpenetration. Additional repulsive restraints were added for non-interacting beads, forced 
to remain at a distance longer than the maximum equilibrium distance obtained from equation 
1. The initial structure of the chromosome fiber was varied between an extended conformation 
and a random localization of initially unbound beads in different replicas. The system was 
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allowed to sample the conformational space using pmemd simulation engine for GPU from the 
Amber 18 package. Different conformations of the fibers were determined by attraction and 
repulsion forces arising from the distance restraints between beads. 

 

In the end, an ensemble of structures was obtained by minimizing the number of experimental 
restraint violations (equilibrium distances input). A method yielding a population of structures 
with different conformations was chosen since Hi-C maps are derived from a population of cells 
with variable chromatin structure. 

 

Chromatin coarse-grained model at the nucleosome level 
 

The starting point for the 3D chromatin model at the nucleosome level is the coverage of the 
MNase-seq signal obtained using nucleR software (Deniz et al. 2011; Flores and Orozco 2011). 
Different families bearing nucleosomes in locations compatible with the MNase-seq signal and 
DNA/histone stoichiometry are derived by deconvolution of the coverage signal by using a 
composite Gaussian approximation. For each of the resulting families with unique nucleosome 
arrangements, an ideal 3D chromatin structure is prepared and further simulated by a coarse-
grained Monte Carlo sampling approach with flexible linkers and rigid nucleosomes. Linker DNA 
is represented at the base pair level by a pseudo-harmonic potential expressed in helical 
parameters (rise, slide, shift, twist, roll, tilt (Walther et al. 2020). Debye-Huckel electrostatics 
and excluded volume potentials were added to avoid overlaps (exact details of the simulation 
procedure will be described elsewhere). The results of the different simulations are clustered to 
select the minimum number of nucleosome structural families that makes physical sense and 
that together reproduce MNase-seq experiments. Finally, the different fiber structures from the 
ensemble of each family are selected and properly weighed to reproduce Micro-C contact maps. 
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Chapter 4. Triplex, a new regulatory 
player 
 
 
 
 

In this Chapter we introduce a new factor that can affect the 
regulatory network, the formation of hybrid RNA•DNA-DNA triplex 
(triple-stranded helix). These triplexes can be formed when an RNA 
sequence binds the DNA duplex blocking its ability to interact with 
effector proteins interfering the regulatory mechanisms. Previous 
studies have demonstrated that, indeed, the formation of triplexes in 
the promoter regions could impact gene regulation (1–3), generating 
the term “anti-gene” therapies. Accordingly, a potential therapeutic 
effect can be derived by the addition of a Triplex Forming 
Oligonucleotide (TFO) designed to bind the promoter region of a 
pathological gene (4, 5). Another interesting possibility exists: triplex 
formation might form an ancient regulatory mechanism (6, 7) when 
the TFO is in fact a cellular RNA (coding, non-coding, miRNA, or even 
a messenger RNA) which recognizes a region of its own genome (the 
Triplex Target Sequence; TTS).  

DNA triplexes were first theoretically suggested by Pauling 
and Corey in 1953 (8) and investigated experimentally 4 years later (9). 
A triplex is formed when a single-stranded polynucleotide binds a 
polypurine-rich duplex through specific major groove interactions. 
These interactions are defined by means of Hoogsteen hydrogen 
bonds in what is known as parallel triplexes, and reverse-Hoogsteen 
bonds for the antiparallel ones (see Introduction and Figure 4.1). 
Parallel triplexes are known to be (despite their pH-dependence) more 
stable under physiological conditions than the antiparallel counterpart 
(10, 11). Early studies of the conformation of triplexes through fiber 
diffraction models suggested an A-type conformation (12) but later 
studies using NMR and Molecular Dynamics showed that the DNA 
triplex presents in fact an intermediate A- and B-like conformation 
(13–15). 
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Figure 4.1. Overview of the hybrid RNA•DNA-DNA triplex 
formation. (A) Schematic image of the triple helix formation between 
double-stranded DNA (dsDNA) and single-stranded RNA (ssRNA). 
(B, C) Canonical Watson–Crick and Hoogsteen (red) base pairings 
which permit the formation of DNA:DNA:RNA triple helices. (D) 
Putative mechanisms by which the hybrid triplex permits the control 
of gene expression via interactions with gene loci and transcription 
factors. Image adapted from (16). 

 
4.1. Theoretical study of triplex stability 

 
A variety of parallel triplexes can be formed by mixing 

complementary DNA and RNA strands. The combination of extensive 
in silico MD simulations and biophysical experiments allowed the 
study of the dynamics and stability of hybrid-parallel triplexes. 
Through the MD exploration of 6 different hybrid triplexes, we found 
a general order of stability that was further confirmed by melting 
experiments. The agreement between the theoretical and experimental 
results provided robustness to the reliability of the obtained stability 
scale for the different topologies. From these stability results the most 
stable triplex appeared to be the RNA (pyrimidine) – DNA (purine) · 
RNA (pyrimidine). Nonetheless, this topology is not expected to have 
a large prevalence in the cell given R-loop formations. For this reason, 
we centered our attention on the second most stable triplex: RNA 
(pyrimidine) – DNA (purine) · DNA (pyrimidine) that can be easily 
formed by pairing an RNA segment with genomic DNA. This 
topology, assumed to be more prevalent in cellular conditions, was 
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chosen to develop and validate a stability predictor which allowed the 
scanning of stable triplexes under a range of conditions. 

 
4.1.1. Melting temperature as an indicator of stability 

 
The stability of a triplex can be studied through melting 

experiments (17, 18), where the melting temperature (Tm) can be 
determined from the inflexion point curve of UV or CD vs. 
temperature curve. The triplex thermodynamics can be determined 
from many measures at different oligonucleotide concentrations from 
the Van’t Hoff’s equation (eq. 1). Roberts and Crothers (19), realized 
that different thermodynamic parameters could be well approximated 
using a nearest neighbor model, with parameters being fitted to a 
series of duplex-single strand melting experiments systems: 

 
Tm =	 )&*∙∆-

∆-.	∆0.)&*∙1∙	23	45 6"7 8
   (1) 

 
where Ct denotes the concentration of the (hairpin) duplex and RNA 
strands, and R is the ideal gas constant. Thus, following Roberts and 
Crothers (19), the enthalpy of the triplex formation was calculated 
with a simple nearest-neighbor model (DH, equation 2): 

 
DH =	−	α99(CC) − α:9(UC + CU) − α::(UU)  (2) 

 
where (XX) refers to the number or dinucleotide steps of the type XpX 
in the TFO and αxx are fitted parameters. While the free energy of 
triplex formation was calculated by a combination model consisting of 
five parameters (DG, equation 3): 

 
∆G(pH) = 	−	α9(C) −	α:(U) −	α;99(CC) + δ	 +	(C)(pH − 5.6)(β − α;′99 ∙ (CC))   (3) 

 
The DG is defined as a function of the nucleotide content and is 
dependent on the pH. All symbols in Greek letters are fitted 
parameters. Note that this equation accounts for the pH dependence 
of d(C+-G·C) triads. The model was reparametrized by non-linear 
fitting using DH and DG values obtained from 105 melting 
experiments. These experiments performed at different pH and TFO 
concentrations were used for training and the new model was latter 
validated with 52 additional experiments. 
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4.1.2. Bioinformatics scanning of candidate TFOs and TTSs  
 
The reparameterization of the stability predictor opened the 

door for an accurate and comprehensive scanning of the human 
genome and transcriptome for potential TFO sequences. Previous 
studies in the literature demonstrated the potential role of non-coding 
RNAs in triplex formation (20–27). Motivated by these studies we used 
our predictor to screen potential TFOs amongst annotated human long 
noncoding RNAs (lncRNAs) and microRNAs (miRNAs) from the 
GENCODE and miRbase databases (28, 29). More specifically, we 
selected potential TFOs with a minimum length of 10 and a maximum 
of 30 bps. We defined the default variables for our Tm calculation as 
follows: pH value at 7.0 and the CT at a value of 12 µM. Furthermore, 
a Tm of 30°C was set as a threshold to classify stable fragments (to 
account for uncertainties in the model). Our triplex target sites (TTSs) 
were extracted from the list of stable triplexes found in each sample 
and mapped to the reference human genome.  

After obtaining the annotated positions we then investigated 
relevant features that could explain the regulatory role of triplexes and 
their mechanisms of action. To further understand the potential 
regulatory role of triplexes we performed a Gene Ontology (GO) 
analysis of the genes associated to the promoters that were selected as 
potential target sites for our candidate TFOs. Lastly, we investigated 
the co-localization of candidate target sites in comparison to 
chromatin accessibility, using nucleosomes as a proxy, to further 
understand the potential effects that TFOs binding can have on 
chromatin dynamics. 

 
In the fourth publication of this thesis a combination of melting 

temperature experimental techniques and MD simulations were 
assessed to characterize the stability of different hybrid triplexes. From 
consensus stability results we focused on one of the most stable 
triplexes, both computationally and experimentally, and probably 
most prevalent in the cell, the RNA (pyrimidine) – DNA (purine) · 
DNA (pyrimidine).  

Melting experiments on our chosen topology allowed the 
calibration and validation of a thermodynamics-based model which 
allowed us to design the first triplex stability predictor able to 
reproduce experimental data for different conditions (pH, 
concentration and sequence composition). The developed predictor 
allowed us to demonstrate the enrichment of potential triplexes in 
human lncRNAs and miRNAs (TFO: expressed RNAs, TTS: genomic 
DNA). More specifically, we observed a large prevalence of TTSs in 



Exploring the chromatin landscape and gene expression mechanisms  

  150 

regulatory regions (promoters and 5’UTRs) for our miRNAs in 
comparison to the expected population from a random distribution. 
The GO analysis showed that, as previously published in literature 
(30–32), these genes are frequently related to complex biological 
processes, such as development. Moreover, these TTSs co-localize in 
nucleosome free regions, supporting the hypothesis of an ancient 
RNA-based triplex-mediated regulatory mechanism together with the 
fact that the main effect of triplex formation in promoter regions is the 
inactivation of DNA transcription.  

In conclusion, candidate TFOs have been found to concentrate 
in regulatory regions and UTRs, suggesting a potential involvement 
of triplexes in gene regulatory mechanisms. Furthermore, linking 
triplex formation to data from chromatin accessibility we found 
evidence of a broader role for miRNAs in transcription regulation and 
a potential role for both sets in maintaining chromatin structure by 
fixing nucleosome arrays. In summary, this fourth project highlights 
the potentiality regulatory role that triplexes have and further 
analyzes its link to chromatin structure. 
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Chapter 5. The physical properties of RNA 
duplexes 

 
 
DNA and its sequence-dependent and physical properties have 

been widely described through experimental techniques and extensive 
molecular dynamic (MD) simulations (1). These studies allowed the 
development of a systematic database that described the sequence-
dependent properties of duplex DNA. These mesoscopic descriptors 
which help untangle the structure and flexibility of DNA together with 
its role in many biological processes (2, 3), have been used throughout 
this thesis for predicting TF binding sites and nucleosome positioning 
along the genome. Meanwhile, the A-form of the right-handed double 
helical RNA (RNA2), the most studied and common conformation for 
RNA, lacks the same level of detail in its understanding, which hinders 
the theoretical prediction of the properties of regulatory RNAs, such as 
those by RNA interference. It is thus of great interest to perform a 
systematic effort to describe with the same level of detail and accuracy 
the properties of double-stranded RNA (dsRNA; (4–7)).  

In this chapter we present the results obtained by MD 
simulations to decipher the RNA2 sequence-dependent properties, 
derived from statistically accurate analyses of the sampled cartesian 
and helical spaces. We also compared these results with previously 
obtained data from the DNA2 properties and developed a very simple 
mesoscopic-correlated harmonic model to reproduce long-RNA2 

conformations, mimicking that previously developed for DNA2. 
Overall, this project addressed some of the differences found in the 
structure and flexibility of the RNA duplex in comparison to the 
properties found in the DNA counterpart. 

 
5.1. Differences between RNA and DNA 

 
For many years RNA was only thought to carry the genetic 

information needed to translate into proteins. However, recent studies 
have shown that RNA acts as a global regulator of cellular processes 
(8), has a structural role in chromatin organization (9–11) and even 
presents catalytic properties (12, 13). All these effects are coded in its 
sequence, and more interesting in its structure and physical properties 
of its most abundant form: the A- duplex. 

It has been known for decades that significant differences exist 
between DNA and RNA duplexes (4, 5). The first difference resides in 
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the fact that the RNA duplex is intramolecular, which means that no 
perfect self-pairing is possible, thus the duplex can present many 
mismatches and even loops that modulate its structure and physical 
properties. The second difference obeys to the difference in the sugar, 
while the DNA contains deoxyribose that favors a S-puckering of the 
furanose ring, the RNA contains ribose which prefers a N-puckering. 
As described elsewhere (14) this difference justifies the adoption of two 
different canonical conformations: the B- form for DNA2 and the A-
form for RNA2, see Figure 5.1B). The A-form is more compact that the 
B- one and has completely different groove architectures (5, 14) which 
generate dramatic differences in the pattern of interaction with other 
molecules, particularly with proteins. Previous experimental assays 
supported the idea that the B-form DNA structure was more flexible 
than the A-form RNA counterpart (15, 16). However, some more recent 
studies have shown that this is not necessarily the case as it depends on 
the way in which flexibility is defined (4). Thus, as protein-nucleic acids 
are very dependent on nucleic acids rearrangements (see Chapter 1) 
accurate description of RNA equilibrium properties and flexibility 
characteristics is of paramount importance. 

 
 

 
 

Figure 5.1. A) Helical geometries for the canonical RNA A-form (left) 
and DNA B-form (right). A view from the top is presented underneath 
each structure. B) Differences in sugar puckering and P-P distances 
between A- and B-form helices. A close-up view of a single nucleotide 
in a canonical A-helix (top panel, RNA) and a B-helix (bottom panel, 
DNA) color coded by atom type. Image adapted from (17). 
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5.2. Molecular Dynamic Simulations  
 
In a former study carried out by the ABC (Ascona B-DNA 

Consortium), physical properties from all the 136 unique DNA 
tetranucleotide base were derived from MD simulations, using a set of 
13 sequences called miniABC (1). These studies allowed the community 
to determine that DNA properties depend on the underlying sequence, 
elucidating polymorphism, detecting deviations from the canonical B-
DNA form, and portraying nearest neighbor effects of the central base 
pair step (4, 18). Improvements in the force fields that described RNA 
(19, 20) opened the door to perform similar efforts and acquire the same 
level of detail and accuracy to describe double-stranded RNA. To this 
end, we performed 1 𝜇s long MD simulations for the same set of 13 
sequences but for RNA duplexes, starting from the canonical A-form, 
using the state-of-the-art FF and simulation protocols. These MD 
simulations were analyzed to detect the stability of the RNA duplexes 
and the variations at the global and local level of structure and 
dynamics. The analysis of the ensembles of trajectories obtained for 
RNA sequences has helped to characterize the sequence-dependent 
properties of RNA duplexes by mapping the cartesian ensembles into 
helical coordinates. After a detailed statistical analysis on the data, 
equilibrium parameters and stiffness matrices were compared to the 
DNA counterpart. The comparison between DNA2 and RNA2 physical 
properties allowed us to detect different behaviors in the distributions 
of the helical parameters and to develop for the first time, an RNA 
specific mesoscopic model. 

 
In this chapter we present a massive computational effort by 

using MD simulations to better characterize and expand the knowledge 
on the physical and mechanical properties of the RNA2 and its 
sequence-dependent properties at the tetramer level. We characterized 
the base movements discovering that, unlike DNA duplexes, RNA did 
not show any polymorphisms in helical geometries in the 
tetranucleotide sequence contexts, following a more harmonic 
behavior which is less dependent on the sequence context. We also 
compared the flexibility in the cartesian and helical parameter space, 
discovering that surprisingly RNA is not stiffer than DNA, as usually 
claimed, but rather depends on the sequence context and the 
considered movement.  

Finally, the more harmonic behavior of RNA allowed us to 
adapt and simplify the already existing mathematical formalism of the 
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DNA mesoscopic model (21, 22) and develop a new mesoscopic-
correlated harmonic model to predict the structure of long RNA 
duplexes. This model could reproduce with high accuracy the local and 
global conformation and deformability of long-RNA2, with a precision 
comparable to atomistic conformational ensembles. 
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ABSTRACT: Sequence-dependent properties of the DNA duplex have
been accurately described using extensive molecular dynamics simulations.
The RNA duplex meanwhilewhich is typically represented as a sequence-
averaged rigid roddoes not benefit from having equivalent molecular
dynamics simulations. In this paper, we present a massive simulation effort
using a set of ABC-optimized duplexes from which we derived tetramer-
resolution properties of the RNA duplex and a simple mesoscopic model
that can represent elastic properties of long RNA duplexes. Despite the
extreme chemical similarity between DNA and RNA, the local and global
elastic properties of the duplexes are very different. DNA duplexes show a
complex and nonelastic pattern of flexibility, for instance, while RNA
duplexes behave as an elastic system whose deformations can be represented
by simple harmonic potentials. In RNA duplexes (RNA2), not only are intra-
and interbase pair parameters (equilibrium and mechanical) different from those in the equivalent DNA duplex sequences (DNA2)
but the correlations between movements also differ. Simple statements on the relative flexibility or stability of both polymers are
meaningless and should be substituted by a more detailed description depending on the sequence and the type of deformation
considered.

■ INTRODUCTION
Cellular RNA appears as a single strand, which may adopt a
variety of secondary structures. The most abundant of these
secondary structures is a right-handed double helix known as
the A-form,1,2 which constitutes almost 40% of naked
ribonucleotides in the Protein Data Bank (PDB, data taken
from NDB3,4). The similarity in chemical composition of DNA
and RNA would suggest similar structural and physical
properties for DNA duplex (DNA2) and RNA duplex
(RNA2) helices, but in reality, they form duplexes that are
notably different. The origin of the main structural difference
in these duplexes is due to the presence of the 2′OH group in
RNA, which biases the sugar puckering preferences toward the
North conformation, leading the transition from the B- to A-
form.5 Inspection of PDB6 and a myriad of biophysical data
such as electron micrography, hydrodynamic experiments, gel
electrophoresis, and NMR spectra supports the idea that the
RNA2 helix is more rigid than the DNA one.7−12 Early
molecular dynamics (MD) simulations throw the generality of
this claim into question13,14 and raise the need to perform
detailed analysis on the response of RNA2 to different
deformations.
A series of contributions made over time by the ABC

(Ascona B-DNA Consortium) uncovered the sequence-
dependent variability of the physical properties of
DNA2.15−22 The latest studies were performed using state-of-
the-art force fields (FFs23−25) and simulation conditions.20,25
These studies provide very accurate physical descriptions of

the 136 unique tetramers,17,19 and the ongoing work aims to
extend such descriptions to the hexamer level.
In doing the following, ABC studies have changed our view

on the structural and physical properties of DNA and have
been instrumental in FF development. Thus, ABC simulations
have highlighted the extreme sequence dependence of the
duplex, which expand out of the traditional nearest neighbor
level17−20,26,27 and have revealed the presence of subtle
correlations between base pair step (bps) helical degrees of
freedom and backbone conformations18,20,26 and the existence
of bimodalities, which could not be explained by harmonic
deformations.15,17,19,20,28 Finally, ABC studies have provided
publicly available data, which have been used to derive a
variety of mesoscopic sequence-dependent descriptors of the
DNA structure and flexibility,19,21,28−32 which are useful to
reproduce flexibility of long linear and circular DNAs,19,21,29−33

nucleosome positioning,34,35 chromatin structure,36,37 the
susceptibility of DNA to oncogenic mutations,38 the impact
of methylation on the DNA structure and function,36,39 or the
binding of DNA to proteins.40−42
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Unfortunately, these impressive efforts for DNA have not
been translated to the RNA world, where the duplex is
considered simply as a sequence-independent rigid rod.
By using the state-of-the-art FF and simulation protocols, we

aim here to expand our knowledge on the different modes and
the sequence-dependent structural and mechanical properties
of the RNA2 deformability through a detailed analysis. To this
end, we have simulated 13 duplexes containing the 136 unique
tetramers,20 simultaneously analyzing the global and local
structure and dynamics. Analysis of the trajectories provides
detailed information of the local and global sequence-
dependent properties of the RNA2 and allows us to develop
a simple mesoscopic model, which reproduces the deform-
ability of the RNA2 surprisingly well.

■ RESULTS AND DISCUSSION
In the past decades, the ABC has studied the physical/
conformational properties of B-DNA.22 The latest studies17,20
have made it clear that individual dinucleotide steps can have
different conformational statistics depending on their tetranu-
cleotide sequence contexts (5′ and 3′ flanking base pairs). This
finding means that the conformational characteristics of the 10

distinct dinucleotide steps surrounded by all possible flanking
base pairsrepresenting 136 distinct tetranucleotideshad to
be studied. To do so, the Consortium designed an approach
for studying these 136 distinct tetranucleotides with the least
possible computational cost.20 In this work, the team described
the structural and dynamical properties of duplex B-DNA
under physiological conditions and determined the sequence-
dependent structural properties of DNA as expressed in the
equilibrium distribution of its stochastic dynamics. The team
detected polymorphisms in certain helical geometries for
certain tetranucleotide sequence contexts.
Taking advantage of the detailed analyses done on B-DNA,

we investigated the sequence-dependent properties of RNA
duplexes using the same strategy as done by the ABC in the
latest work about DNA duplexes. We decided to study the
same set of sequences, as previously done for DNA (see
Supporting Information Table S1). This set of sequences
includes an optimized number of oligomers that enabled us to
sample the conformational space of every possible tetramer
and to obtain multimicrosecond trajectories in a practical way,
given the not excessive length of the oligomers (18mers).

Figure 1. Box plots of the average helical parameters of the central bps of the136 unique tetramers. Values in red correspond to DNA and those in
blue to RNA, in each case the average value is marked with a red line and outliers with black circles. Translational parameters (shift, slide, and rise)
are in angstrom and rotational ones (tilt, roll, and twist) in degrees.43
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In depth, this library is composed of 13 double helices each
containing 18 bps (including GC terminals on each end),
covering the complete tetranucleotide space (see Supporting
Information Table S1 for a list of the designed sequences). The
GC termini were chosen to reduce “fraying” and were not

considered in the calculation of the base pair parameters, to
avoid terminal effects.
Using the same set of sequences allowed us to make a direct

comparison between RNA and DNA duplexes on their static
and flexibility conformational properties. In this work for each
sequence, we run a 1 μs simulation (see Methods), and for

Figure 2. Average values of bps helical coordinates for the central bps (x-axis) in all possible tetranucleotide contexts (y-axis) for (A) RNA2 and
(B) DNA2 (data from previous study20). Translational parameters (shift, slide, and rise) are in angstrom and rotational ones (tilt, roll, and twist) in
degrees. The blue squares mean that a specific step has an average value above the global average plus one standard deviation, while the red squares
mean an average value below the global average minus one standard deviation (see the legend at the right of each plot). When bimodality exists, the
cell is divided into portions and the value refers to each one of the maxima as found by the BIC analysis.
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each tetramer, we analyzed the properties of the central base
pair and the relative effect of the neighboring bases.
Convergence and the Overall Structure. MD simu-

lations provide stable and converged trajectories in the 1 μs
regime, with small RMSd with respect to the averaged
structure (around 1.7 ± 0.4 Å) and the canonical A-form
(RMSd around 2 ± 0.5 Å) (see Supporting Information Table
S2 and Supporting Information Figures S1 and S2). No drifts
in RMSd are observed and nearly identical RMSds are reported
at the initial and final part of the trajectories, suggesting that
the trajectories are well converged and stable. This is also
confirmed by looking at the root mean square inner product
(RMSIP, see Supporting Information Table S2) between the
essential deformation modes for each sequence obtained from
the first (100−500 ns) and last part (600−1000 ns) of the
trajectories with values between 0.97 and 1.0. This means that
essential deformation modes are identical in two separated
parts of the trajectory. Furthermore, the profiles of variance vs
the essential deformation modes are identical when computed
from first and second halves of the trajectories (see some
examples in Supporting Information Figure S3).
Helical Parameter Distributions. Average helical proper-

ties collected for all tetramers confirm the known differences
between the local structure of DNA and RNA duplexes: lower
twist, higher roll, and more negative slide of RNA2 compared
to DNA2 (see Figure 1, for DNA data taken from ref 20). It is
noteworthy thatas previously reported from database
analysisthe tetramer-dependent variability of shift, slide,
tilt, and twist found in DNA2 is reduced for RNA2. Only rise
and roll show sizeable sequence-dependent variability in RNA
duplexes, which in any case is lower than that found for DNA.
Interestingly, the helical degrees of freedom generating more

sequence-dependent polymorphic behaviors in DNA2 (twist
and shift, which have a marked bimodality) show very little

dispersion in RNA2 (Figure 2). Detailed analysis of the
individual tetramers shows that sequence variability in the
RNA2 (which is small in any case) is related to the central bps
(see Figure 2, x-axis), with little impact of the neighboring bps
in the tetramer (see Figure 2, neighboring bases in each
tetramer y-axis). In the detailed analyses of the effect of the
sequence context on the average parameters, we saw that
tetramers containing the UpA step at the central position
always show a higher roll (as well as slide and twist) than the
average, while tetramers containing the GpC step at the central
position display the opposite trend, irrespective of the
neighboring base pairs.
We detected that tetramers with central base pairs CpA,

CpG, UpA, and UpG, independently of the tetrameric context,
are characterized by a high twist, while tetramers with central
CpC/GpG show a low slide. Slide and twist appeared as the
least context-dependent movements, but we could detect
common patterns given only by the central base pair also for
rise and roll, while in DNA, these patterns are present only for
the roll parameter (see Supporting Information Figure S4).
The Bayesian Information Criterion (BIC)-Helguero

analysis (see Methods) failed to detect cases of multimodality
in the 136 tetramers of the RNA2 studied here (see Figure 2).
The differences with respect to DNA2 in terms of central bps
induced variability, nearest neighbor effects, and complexity of
the distributions that were dramatic (see Figure 2 and specific
examples can be seen in Supporting Information Figure S5). As
expected from the small tetramer-dependent polymorphism,
hexamer effects are negligible (see some examples in
Supporting Information Figure S6), indicating a strong locality
in the definition of equilibrium helical properties in the RNA2.
Finally, we compared simulation averages to experimental

values obtained by mining the Protein Data Bank (PDB) for
naked RNA2. The agreement is remarkable (see Table 1),

Table 1. RNA Average Helical Parameter Values, with Standard Deviations, for dsRNA PDB Structures and for MD Simulation
Ones, Averaged among All the Tetramers Studied

shift (Å) slide (Å) rise (Å) tilt (deg) roll (deg) twist (deg)
PDB 0.05 ± 0.42 −1.35 ± 0.47 3.21 ± 0.20 0.41 ± 2.37 9.75 ± 4.06 31.92 ± 3.24
MD −0.01 ± 0.09 −1.58 ± 0.16 3.31 ± 0.11 −0.09 ± 0.71 8.95 ± 2.69 29.88 ± 1.40

Figure 3. Variance associated with the different eigenvectors (values determined considering only the common backbone for all the duplexes, Å2)
for DNA (blue20) and RNA (orange) duplexes. The error bars correspond to the standard deviations associated with averaging values for 13
duplexes.

Journal of Chemical Information and Modeling pubs.acs.org/jcim Article

https://doi.org/10.1021/acs.jcim.3c00741
J. Chem. Inf. Model. 2023, 63, 5259−5271

5262



Exploring the chromatin landscape and gene expression mechanisms  

  190 

 

suggesting that despite potential caveats, the currently used
RNA force field accurately represents RNA conformational
preferences.
Global Flexibility. The global RNA2 deformability is

mainly defined by global twisting and bending deformations,
mimicking the movement found for DNA2 [see the first
component videos in the principal component analysis (PCA)
of the trajectories stored in BIGNASim]. The differences are
significant, however, when looking at the distribution of
variance among the different essential deformation modes.
While in the case of DNA2, a large part of the variance is
distributed along the first two modes, a much smoother decay
in the importance of the variance along modes is found in the
case of RNA2 (see Figure 3). This confirms previous
suggestions6,13,14 that the dynamics of the elongated DNA
and RNA duplexes are different. In this instance, DNA shows a
simpler dynamic than the more globular RNA2, which involves
many independent movements that contribute to the definition
of the global dynamics.
Local Flexibility. We explored two types of local

deformations of the RNA2: those disrupting the hydrogen
bond pattern and base pair distortions within each base pair
step. As shown in Table 2, the H-bond scheme is well

preserved for both duplexes. For DNA2, the terminal bases (G·
C in our sequence set, Supporting Information Table S1) are
those more frequently unpaired and those where the open state
has a residence time large enough to allow proton interchange
with solvent. Such terminal fraying is dramatically reduced for
RNA2, where states that can justify proton exchange of the
terminal bases with the solvent are scarce. As described
previously,18,23,25 openings in the middle of the DNA double
helix are rare, short lived, and partial (see Table 2; see
examples in Supporting Information Figure S7), while these
distortions are not so infrequent in the context of RNA2,
always related to fast A·U breathing events. This might appear
unexpected considering the general, larger stability of RNA
duplexes but agrees perfectly with the greater stability of d(A·
T) compared to r(A·U) pairs.44,45 In fact, relative DNA2 vs
RNA2 melting temperatures for the oligos studied here show a
general reduction in the stability gap between the two duplexes
when the number of A·T(U) pairs increase (see Supporting
Information Figure S8), in perfect alignment with our
calculations.

As described above, independently from the sequence
context, the RNA2 shows Gaussian distributions for all helical
parameters. This suggests that local deformations in the helix
can be accurately captured by a simple harmonic model using a
6 × 6 stiffness matrix, where the diagonal terms represent the
stiffness associated with pure deformations (slide, shift, rise,
tilt, roll, and twist) and the out-off diagonal represent the
coupling terms. Interestingly, sequence variabilitywhich has
little impact in defining equilibrium helical coordinates (Figure
1)has a non-negligible effect in defining helical stiffness
(Figure 4). In fact, dispersion of stiffness values along
sequences in RNA2 is similar or even greater than that found
for DNA2. The only exception being twistwhich due to the
absence of sequence-dependent bimodalityshows a much
more reduced dependence with the sequence in RNA2 (Figure
4).
Note that the lack of variability in helical equilibrium values,

compared to the variability in the corresponding stiffness
matrices, suggests that the analysis of the dispersion of helical
coordinates in the experimental structures of different
sequences, which was a reasonable approach to obtain stiffness
matrices in DNA duplexes,46 is not acceptable for RNA2.
Finally, looking at the average values in the box plots in

Figure 4, we can rule out the common assumption that RNA2
is stiffer than DNA2 also at the microscopic level. In fact, only
two of the helical deformations (slide and twist) are
systematically stiffer in RNA compared to DNA duplexes,
and some helical deformations, like those affecting the tilt, are
easier for RNA2. Therefore, as already suggested from the
analysis of global deformability above, no general claims on the
relative stiffness of DNA2 and RNA2 should be made, as it
depends on the sequence and the type of deformation
considered.
Most of the sequence-dependent variability of helical

stiffness of the RNA2 is related to the central bps (see Figure
5, x-axis), showing a reduced dependence from the first and
fourth bps of the tetramer (see Figure 5, neighboring bases in
each tetramer y-axis). There are some common trends between
DNA2 and RNA2: for example, analysis on the sequence
context effect suggests than in general, Pyr-Pur steps are stiffer
and Pur-Pyr steps are softer than the average (Figure 5).
However, the rest of the sequence dependence found for
DNA2 cannot be translated to RNA2. For example, the
“flexible” r(UA) step is stiffer than the average in terms of shift
and slide deformations (Figure 5).
Interestingly, roll and rise flexibilities in RNA2 seem to go

together, as partially seen also for DNA2. Tetramers with
central base pairs CA, CG, UA, and UG are not only
characterized by high twist but also seem to be the most
flexible base pairs independently on the sequence context.
Tetramers with central CC/GG showed a low slide and are the
stiffest for slide−shift−tilt movements. Differently from DNA2,
in RNA2, the tetramers with central GC and CC steps are stiff
and tetramer-independent. Clearly, the code linking sequence
with deformability is quite different in DNA and RNA
duplexes.

Correlations. Stiffness matrices are nondiagonal for both
DNA2 and RNA2, indicating coupling between pure helical
deformations. These couplings are the main reason for the
well-characterized connection between entire deformation
modes of the helices (ex. twist, stretch48). Understanding the
individual correlation between the different helical deforma-
tions would require discussion of 136 stiffness matrices (for

Table 2. Loss of Hydrogen Bonds for A-T(U) and G-C Pairs
in DNA (in Italic20) and RNA (Bold) Duplexesa

pair

loss of one
HB (average
% time)

loss of two
HB (average
% time)

loss of three
HB (average
% time)

solvent
exchange
(average %
time)

G·C bp
terminal

3.73 2.55 1.73 2.14
1.48 0.59 0.29 0.29

G·C bp
terminal
(−1)

0.33 0.01 <0.01 <0.01
0.92 0.41 0.03 0.05

G·C bp
central

0.45 0.03 0.01 0.01
0.83 0.18 0.01 0.01

A·T (bp
central)

1.67 0.06 0.03

A·U (bp
central)

4.12 0.42 0.07

aSee Supporting Information Methods for a detailed description on h-
bond determination.
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DNA2 and RNA2), but a general picture can be obtained by
averaging them (after normalization using Lankas’̌ trans-
formation47). Results in Table 3 show the existence of strong
positive couplings between the slide and rise for both DNA
and RNA duplexes. Furthermore, rise is negatively coupled
with all the torsional deformations for RNA2, but the strong
rise−roll negative coupling found in the RNA2 is lost in DNA2.
The slide−roll negative coupling is more intense in RNA2 than
in DNA2, and the opposite happens for the twist−roll positive
coupling that is more intense for DNA2. In summary, the
pattern of correlation between helical deformations in the
DNA and RNA helix is quite different, but both polymers show
a significant degree of interconnection between the different
helical movements at the bps level.
While the intra-bps correlations have been described since

the original studies of Zhurkin and co-workers,46 the
correlation between the movement of the neighboring bps

has been ignored for decades due to an implicit assumption
that global deformation is a consequence of independent bps
movements. Different studies with the DNA2 have demon-
strated that contrary to this assumption, the deformations at
one given bps are correlated with those in the neighboring
ones (see above and detailed discussion in refs 29−31, 49).
These connections are often negative (anticorrelation),
typically when the same helical parameter is considered in
two neighboring bps and might be slightly positive in a few
cases when different helical deformations are explored in the
neighboring bps (see Figure 6). For DNA2, the strongest
anticorrelations are found for shift/shift, twist/twist, and tilt/
tilt, while positive correlations are found for shift/twist, slide/
shift, and slide/tilt (see Figure 6), with significant variability
depending on the tetramer. For RNA2, the strength and
complexity of the couplings between bps deformations are
largely reduced compared to those of the DNA2 (Figure 6),

Figure 4. Box plots of diagonal stiffness matrices for the central bps of the 136 unique tetramers in DNA (blue, data taken from ref 20) and RNA
(red). Translational constants (k-slide, k-shift, and k-rise) are in kcal/molÅ2 and rotational constants (k-tilt, k-roll, and k-twist) are in kcal/mol·
deg2.
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but negative correlations are found for shift/shift, tilt/tilt, and
twist/twist, as already described for DNA2, even at a reduced

magnitude compared with DNA2. On the other hand, positive
correlations are mild in all cases except rise/tilt, which can be

Figure 5. Average values of bps helical stiffness for the central bps (x-axis) in all possible tetranucleotide contexts (y-axis). The blue squares mean
that a specific step has an average value above the global average plus one standard deviation, while the red squares mean an average value below
the global average minus one standard deviation (see the legend at the right of each plot). For comparison purposes, we considered here all
distributions represented by a single Gaussian. (A) RNA2 and (B) DNA2.20 Translational constants (k-slide, k-shift, and k-rise) are in kcal/molÅ2

and rotational constants (k-tilt, k-roll, and k-twist) are in kcal/mol·deg2. (C) Overall sums of the stiffness constants for RNA (left) and
DNA(right20) computed by applying Lankas’̌ transformation to the original stiffness matrix.47
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sizeable for some tetramers. Finally, and quite unique of RNA2,
is the presence of anticorrelation between tilt/rise and tilt/roll
movements in neighboring steps. Altogether, these suggest that
the short-range flexibility of DNA and RNA duplexes and
accordingly their ability to react against perturbation and
transfer their information is quite different.
Correlated Harmonic Mesoscopic Model for RNA2.

We compared the distributions for helical parameters obtained
using a mesoscopic-correlated harmonic model, inspired by
that developed by Maddocks and co-workers for DNA2

49,50

(CHM; see Methods for details) and atomistic MD
simulations for a 36 bps long random sequence.
Thanks to this method, we could reproduce both the intra-

and interbase pair ensembles (see their densities for some
tetramers along the sequence in Figure 7 and in Supporting
Information Figure S9).
As a last check, we compared the global helical properties of

the long duplex RNA2 simulated by our CHM with respect to
the atomistic MD simulations. We calculated the average twist
and roll, parameters that vary the most in long polymers, for

Table 3. RNA (in Bold) and DNA (in Italic) Stiffness Constants Normalized,47 Averaged among All the Tetramers Studied

DNA/RNA shift slide rise roll twist tilt
shift 1.452/1.691 −0.090 0.085 0.022 0.093 −0.288
slide 0.064 3.120/4.281 1.497 −0.432 −1.919 0.112
rise 0.162 1.725 10.028/9.441 −1.781 −1.953 −0.808
roll 0.099 −0.141 −0.197 2.607/2.555 0.447 −0.006
twist 0.099 −1.292 −2.167 0.985 3.970/6.789 −0.019
tilt −0.802 −0.007 −0.767 −0.021 0.102 4.824/4.211

Figure 6. Heat maps showing correlations between neighboring base pairs, for each possible bps parameter43 combination for the 136 unique
tetramers (y-axis) for (A) RNA and (B) DNA, respectively.
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the central 34mer for both CHM and MD structures, and
RMSd, finding an excellent agreement (Figure 8).
In summary, we present here, for the first time, a

comprehensive study of the sequence-dependent structural
and mechanical properties of the RNA2. The pattern of
flexibility of RNA2 is simpler than that of the DNA2, showing a
more harmonic behavior and a reduced sequence-dependent
variability in terms of equilibrium properties. Claims that
RNA2 is “stiffer” than DNA2 are incorrect, as it depends on the
type of mechanical deformation that is introduced. The
patterns of global deformability, signal transduction, and
sequence-dependent deformation rules are different for
DNA2 and RNA2. Finally, we were able to develop a very

simple mesoscopic-correlated harmonic model that seems to
have a good ability to reproduce RNA conformational
ensembles, opening the possibility to perform mesoscopic
simulations of RNA duplexes similar to those done for decades
for the DNA ones.

■ METHODS
The duplexes of the miniABC sequence library20 (translated to
RNA, T → U) were built in the A-conformation using Arnott’s
fiber conformation.1 Each duplex was placed in a solvated-
truncated octahedral box of SPC/E water molecules,51 which
extends for more than 10 Å from the nearest atom of the RNA.

Figure 7. (A) Selected examples of the density of intrabase pairs ensembles (in helical space) using the correlated harmonic model (left panels,
CHM) and atomistic MD simulations (the reference, right panels). (B) Selected examples of the inter-bps parameters for consecutive steps, i
against the neighboring step i + 1, using the correlated harmonic model (left panels) and atomistic MD simulations (the reference, right panels).
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Systems were neutralized by K+, adding then 150 mM KCl
using Dang’s parameters.52 χOL3 FF was used to represent
RNA.53,54 All systems were optimized, thermalized, and
equilibrated using the standard ABC-simulation protocol.20
Production simulations extend for 1 μs using the state-of-the-
art simulation conditions as described elsewhere.20 Data were
collected every picosecond and, if not otherwise stated,
analyses shown correspond to the last 0.5 μs. Trajectories
were processed using the CPPTRAJ55 module of the
AmberTools 18 package (https://ambermd.org/AmberTools.
php).
For each duplex, physical and geometrical descriptors

derived from MD simulations were calculated to study the
RNA (and DNA) average conformation and deformability at
the base pair step level. Instead of using six Cartesian
coordinates, the geometry of two consecutive base pairs, a
DNA base pair step, is described with a set of six helical
movement parameters (base pair step helical parameters):
three translations (rise, slide, and shift) and three rotations
(twist, roll, and tilt). The deformability along these movements
is described by the stiffness constants (ki) associated with the
displacements with respect to the equilibrium values of the
helical parameters56 and determined by inversion of the
covariance matrix computed in the helical space.47 The helical
parameters were calculated using the program Curves+ and
Canal.43
The BIC was used to quantify the normal or binormal (i.e., a

mixture of two normal functions) nature of the distributions of

the helical parameters. Helguero’s theorem was used to
determine the normality and modality of the different
distributions.57,58 PCA was carried out using a python suite
and RMSIP was calculated using the Bio3D package in R.55,59
Melting temperatures were calculated using Biopython.60
All new RNA trajectories and DNA trajectories used for

comparison are accessible and can be retrieved from the
BIGNASim database (https://mmb.irbbarcelona.org/
BIGNASim/);61,62 data for DNA were taken from ref 20.
The same protocol was followed for the 36 base pair long
sequence (ACUAGAUCGAUGUACGCUAGCGUACAUC-
GAUCUAGU) used in the comparison between MD and the
mesoscopic-correlated harmonic model.
We recently developed a general model to capture flexibility

including nonharmonic and correlated Hamiltonians,49 which
simplifies to a correlated harmonic model when deviation from
normality of the different helical distributions is not present.
This simplified model is very close to that developed by
Maddocks and co-workers for DNA2,49,50 which include
nonlocality in the elastic response of DNA. In detail, the
deformation energy considers the couplings between the
nearest neighboring bps using a banded rather than a block
stiffness matrix (K, see Figure S10):

E X Y KY K Y( ) 1
2

1
2

T 2= =

where the sum extends to all the length of the DNA composed
of N bps, and K and ΔYj are the banded stiffness matrix (see

Figure 8. (A) Average roll (top) and twist (bottom) parameters along the MD simulation (blue) compared to the average among the structures of
the CHM with the relative standard deviation (red line and shadow). (B) RMSd values (in Å) of the CHM structures using as a reference the MD
average structure. The average RMSd along the simulation taking as a reference the MD average structure is 2.9 ± 0.9 Å.
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Supporting Information Figure S10) and the deformation
vector, respectively. Maddocks and co-workers presented a
simple procedure for inversion of the banded covariance from
which banded stiffness matrices can be derived and built a
coarse-grained model where they treated the bases separately,
not as rigid units within the bps, leading to a complex stiffness
matrix accounting for inter−inter, intra−inter, and intra−intra
base pair contributions. Contrary to Maddocks’s model, which
considers base deformations, our simplified CHM method
considers the base pair step as the minimum conformational
unit.
Base pair parameters and stiffness and the mesoscopic

descriptors calculated are available at https://github.com/
Jalbiti/NaStruc_db.
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Sun, R.; Dans, P. D. Sequence-Dependent Structural Properties of B-
DNA: What Have We Learned in 40 Years? Biophys. Rev. 2021, 13,
995−1005.
(23) Dans, P. D.; Danilan̅e, L.; Ivani, I.; Drsǎta, T.; Lankas,̌ F.;
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A.; Walther, J.; Andrio, P.; Goñi, R.; Balaceanu, A.; Portella, G.;
Battistini, F.; Gelpí, J. L.; González, C.; Vendruscolo, M.; Laughton,
C. A.; Harris, S. A.; Case, D. A.; Orozco, M. Parmbsc1: A Refined
Force Field for DNA Simulations. Nat. Methods 2016, 13, 55−58.
(25) Dans, P. D.; Ivani, I.; Hospital, A.; Portella, G.; González, C.;
Orozco, M. How Accurate Are Accurate Force-Fields for B-DNA?
Nucleic Acids Res. 2017, 45, No. gkw1355.
(26) Balaceanu, A.; Pasi, M.; Dans, P. D.; Hospital, A.; Lavery, R.;
Orozco, M. The Role of Unconventional Hydrogen Bonds in
Determining BII Propensities in B-DNA. J. Phys. Chem. Lett. 2017,
8, 21−28.

(27) Balaceanu, A.; Buitrago, D.; Walther, J.; Hospital, A.; Dans, P.
D.; Orozco, M. Modulation of the Helical Properties of DNA: Next-
to-Nearest Neighbour Effects and Beyond. Nucleic Acids Res. 2019, 47,
4418−4430.
(28) Dans, P. D.; Walther, J.; Gómez, H.; Orozco, M. Multiscale
Simulation of DNA. Curr. Opin. Struct. Biol. 2016, 37, 29−45.
(29) Liebl, K.; Zacharias, M. Accurate Modeling of DNA
Conformational Flexibility by a Multivariate Ising Model. Proc. Natl.
Acad. Sci. U. S. A. 2021, 118, No. e2021263118.
(30) Lanka, F.; Gonzalez, O.; Heffler, L. M.; Stoll, G.; Moakher, M.;
Maddocks, J. H. On the Parameterization of Rigid Base and Basepair
Models of DNA from Molecular Dynamics Simulations. Phys. Chem.
Chem. Phys. 2009, 11, 10565−10588.
(31) Sharma, R.; Patelli, A. S.; Bruin, L.; De Maddocks, J. H. CgNA
+web: A Visual Interface to the CgNA+ Sequence-Dependent
Statistical Mechanics Model of Double-Stranded Nucleic Acids. J.
Mol. Biol. 2023, 435, No. 167978.
(32) De Bruin, L.; Maddocks, J. H. CgDNAweb: A Web Interface to
the CgDNA Sequence-Dependent Coarse-Grain Model of Double-
Stranded DNA. Nucleic Acids Res. 2018, 46, W5−W10.
(33) Basu, A.; Bobrovnikov, D. G.; Cieza, B.; Arcon, J. P.; Qureshi,
Z.; Orozco, M.; Ha, T. Deciphering the Mechanical Code of the
Genome and Epigenome. Nat. Struct. Mol. Biol. 2022, 29, 1178−1187.
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Chapter 6. Discussion 
 
 

The primary focus of the research presented in this thesis has 
been to understand the connection between nucleic acid structures and 
gene regulation. To this end, we have had to explore nucleic acids, and 
in particular DNA, from 1D to 3D, putting emphasis on the connection 
between pure sequence information and chromatin conformation. This 
has forced us to navigate in the many resolution levels and to use a 
variety of theoretical techniques, from classical physics to artificial 
intelligence methods.  

This thesis started from a first layer of regulation through the 
study of transcription factor (TF) binding mechanisms. As a second 
step, an additional layer of regulation was added by considering the 
nucleosome architecture, i.e. how nucleosomes are distributed: 
nucleosome depleted regions at the transcription start and terminating 
sites, as well as the positioning along the gene body. Thirdly, we 
explored the conformational changes that chromatin can undergo as a 
response to pathological conditions by analyzing the impact of 
oxidative stress on its three-dimensional structure, and how this 
modulates gene expression. We also explored the possibility of a 
protein-independent regulatory mechanism related to the formation of 
RNA-DNA·DNA triplexes, where an RNA transcript recognizes a 
target sequence in the genome and interferes its normal regulation. 
Finally, we turn our attention to RNAi regulatory mechanisms, 
conducting a foundational study on the physical properties of RNA 
duplexes, hoping they will be as useful for understanding biology as 
the properties of DNA duplexes. 

 
6.1. Transcription Factor - DNA Binding 

 
Transcription Factors (TFs) are key regulators of gene 

expression given that they can directly or indirectly activate, inactivate, 
or enhance transcription of DNA by interacting with specific sequences 
of DNA. The specific binding preferences of TFs result from a 
combination of factors such as intrinsic sequence preference, chromatin 
accessibility, nucleosome presence, cooperative effects with other 
effectors, or even phase separation (1). Nonetheless in order to predict 
TF binding sites in vivo, a first step is to understand and predict the 
sequence-dependent binding of TFs to naked DNA in vitro. This was 
the main objective in the first chapter of this thesis.  
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The development of accurate force fields for Molecular 
Dynamics (MD) simulations (2, 3) has enabled the structural study and 
characterization of the sequence-dependent DNA physical properties 
with an accuracy comparable with that of experiments. These 
properties, together with sequence-dependent groove interaction 
properties, allowed us to develop a predictor of DNA-TF binding sites. 
The predictor, called DNAffinity and based on a Random Forest 
Regressor, accurately reproduces experimental data from SELEX (4, 5) 
(R2 of 0.70 ± 0.14), gcPBM (6) (R2 of 0.93 ± 0.02) and uPBM (7) (R2 of 0.69 
± 0.17), outperforming all state-of-the-art methods (8–12) for all sources 
of experimental data. One of the unique advantages of our predictor is 
that by using theoretically derived descriptors it could be extended to 
consider epigenetic variants or lesions. Very encouragingly, 
DNAffinity trained on in vitro data showed an excellent ability to detect 
the binding sites of the same transcription factor in vivo when excluding 
nucleosome occupied regions. The fact that the presence of a 
nucleosome explains the exclusion in vivo of otherwise good binding 
sites shows that nucleosomes are a good proxy for chromatin 
accessibility. However, due to the lack of concurrent in vitro and in vivo 
binding data the generalization of our model remains challenging. In 
any case, for the few instances where data exist, we found that 
combining detected potential binding sites together with nucleosome 
occupancy profiles trivially explains in vivo TF binding sites.  

 
6.2. Nucleosome Positioning and its determinants 

 
In the second publication of this thesis, we analyzed nucleosome 

positioning firstly by examining experimental nucleosome maps, and 
secondly by trying to understand the intrinsic (DNA physical 
properties) and extrinsic (effector proteins) that control the placement 
of the nucleosomes along the chromatin fiber. The analysis of reads 
obtained by MNase-seq experiments (13, 14) revealed nucleosome free 
regions (NFRs) at the transcription start site (TSS) and transcription 
termination site (TTS), as well as two well positioned nucleosomes at 
the start (+1) and at the end (-last) of the genes. We developed a model 
based on signal transmission theory (STT), which assuming two signal 
emitters at the first and last nucleosomes and a distance decay of such 
signals, allowed us to determine the intragenic nucleosome 
arrangement by statistical positioning. Genes with phased nucleosome 
arrangements (distances between +1 and last nucleosomes being 
multiples of 165 bps) exhibit periodic signals, while unphased genes 
show fuzzier architectures. Changes in the distance between +1 and -
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last nucleosomes can alter nucleosome periodicity and fuzziness, as 
predicted by STT. 

We then developed a neural network to predict NFRs, key 
determinants in the placement of nucleosomes. The model was based 
on two descriptors: the DNA deformation energy required to bend 
DNA from its naked to nucleosome-bound conformation and 
experimental TF binding site densities (15). The model successfully 
characterized (AUC of 0.96) the NFRs at both the TSS and the TTS of 
genes, outperforming previous predictive models (16). The 
combination of NFR predictions with STT enables highly accurate 
nucleosome positioning predictions with an average distance of 19bps 
from true peaks. These results are not only more accurate than those 
obtained by any existing predictive model but are in fact comparable 
to experimental noise levels in MNase-seq data, indicating that 
nucleosome positioning is well-defined even without complex 
chromatin remodeling mechanisms. This does not preclude the role of 
many other cellular mechanisms modulating nucleosome positioning 
which are not considered in our model like effectors cooperative 
effects, global chromatin structure, histone variants, epigenetic signals 
and indeed chromatin remodelers.  

The ability to predict NFRs and nucleosome organization in 
yeast can help understanding the mechanisms of regulation in higher 
order organisms. As a proof of concept, we tested the applicability of 
our method on the human genome, where we obtained an AUC close 
to 0.70. Even with a reduced performance we were still able to use our 
descriptive features to predict NFRs with a higher accuracy than what 
would be expected at random. Given the additional complexity in 
studying higher organisms and that our current model was optimized 
for yeast, our approach—enhanced through fine-tuning and 
supplemented with additional experimental data—demonstrates the 
potential for studying nucleosome positioning arrays in any organism. 

Finally, the use of synthetic biology experiments and 
computational analyses revealed that altering periodicity does not 
significantly affect gene expression. However, while changes in 
nucleosome phasing do not alter gene activity, inhibiting transcription 
leads to a loss of nucleosome periodicity. Thus, our findings suggest a 
causal relationship where expression levels influence nucleosome 
architecture, but not necessarily the way around.  

.  
6.3. The chromatin conformational changes upon Oxidative Stress 

 
The question on how chromatin dynamics are modulated 

during gene regulatory mechanisms became then the central 
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motivation of this thesis. To fully comprehend its characteristics, the 
2D study of the chromatin landscape was complemented with a 3D 
study, not just under physiological conditions but also under one of the 
most common DNA damage sources, oxidative stress (OS). To study its 
effect on chromatin a combination of gene expression analyses, MNase-
Seq, Hi-C and Micro-C experiments (13, 17, 18) together with coarse-
grained and data-driven models of the 3D genome structure (19, 20), 
were used. The presented integrative approach has allowed the study 
in detail of the 3D genome re-organization from low- to high-order 
chromatin structure in response to DNA damage. 

DNA lesions showed different levels of condensation and 
decondensation of chromatin which correlated with transcriptional 
changes and DNA damage. The observed effects on nucleosome 
positioning and occupancy correlate with changes in chromatin fiber 
structure, with increased nucleosome interactions at distances below 
600 bp and decreased interactions at longer distances. This observation 
was reflected in two analyses. Firstly, chromatin interaction domains 
were altered with an increase in number and a decrease in sizes upon 
oxidative stress. Secondly, nucleosome clutches (21), were both 
enhanced in number and reduced in size, particularly in upregulated 
genes and regions with DNA damage, leading to overall more 
extended fibers. Additionally, oxidative stress damage increased 
nucleosome positioning fuzziness, particularly in upregulated genes 
and damaged regions, reducing the length of nucleosome free regions 
and decreasing nucleosome occupancy in the gene body. 

Overall, our results show that oxidative stress affects chromatin 
at two levels: a short-range chromatin decondensation and increased 
long-range and trans interactions. This suggests that the stress response 
favors an open chromatin state but involves complex, differential 
behaviors depending on the resolution level. The mechanisms of 3D 
genome organization in response to oxidative stress damage appear 
more intricate than previously proposed models for chromatin 
response after DNA damage, but in any case, the picture obtained 
suggests a massive rearrangement of chromatin, probably related to the 
activation of lesion repairing mechanisms and the activation of OS-
response genes. 

 
6.4. Triplexes as means of a regulatory mechanism 

 
The fourth project explored the possibility of a protein-less DNA 

expression regulation based on the formation of RNA-DNA·DNA 
triplexes (22–24). Experimental and computational studies analyzed 
the stability of a variety of parallel triplexes that can be formed by 
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mixing complementary DNA and RNA strands. Many remained stable 
under physiological conditions, as predicted by advanced atomistic 
MD simulations (2, 25), and confirmed by melting and NMR 
experiments. The two most stable triplexes are the RNA·DNA·RNA 
and the RNA-DNA·DNA, the latter being the most compatible with the 
biology of the cell. Massive melting experiments were used to train a 
simple predictor that can determine melting free energy with an 
unprecedented accuracy (0.7 kcal/mol). This predictor was then used to 
identify all potential triplexes forming oligonucleotides (TFOs) in 
human long non-coding RNAs (lncRNAs) and microRNAs (miRNAs) 
with triplex target sequences (TTSs) along the genome. Calculations 
revealed a large number of possible stable triplexes, significantly 
higher than those predicted by random models. The potential TTSs are 
enriched in regulatory regions and untranslated regions (UTRs), 
particularly in genes related to the development, morphology, and 
functioning of the central nervous system, suggesting a potential role 
of triplexes in an RNA-DNA mediated regulatory network. 
Furthermore, this work suggests that miRNAs, commonly known as 
post-transcriptional regulators, may have a more widespread nuclear 
function as transcription regulators via triplex formation than 
previously thought (26). Furthermore, mapping potential triplex 
formation with chromatin structure revealed evidence suggesting that 
triplex formation might play a role in stabilizing nucleosome arrays, 
potentially protecting nucleosomes from eviction and helping, as 
suggested by others, to compact chromatin. Future work is necessary 
to fully confirm these suggestions. 

 
6.5 The extensive study of the properties of RNA 

 
 RNAs have been observed to be key regulators of numerous 

cellular processes (27–30), including gene expression. This has 
motivated us to focus efforts on expanding the understanding of the 
structure of RNA and its sequence-dependent physical properties. The 
final objective is to derive a foundational model that could be used to 
predict RNAi properties.  

In the last work of this thesis, we presented a comprehensive 
analysis of the sequence-dependent structural and mechanical 
properties of the RNA duplex (RNA2) using MD simulations (31). 
Overall, the studies of all the 136 unique tetramers showed that 
patterns of global deformability, signal transduction, and sequence-
dependent deformation rules are different for RNA2 than for DNA2 (3). 
Sequence-dependent RNA2 flexibility was observed to be simpler than 
that of the DNA2, showing a more harmonic behavior and a reduced 
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sequence-dependent variability in terms of equilibrium properties. 
Previous claims that RNA2 is “stiffer” than DNA2 have been proven 
incorrect, needing a more detailed description given that its stiffness 
depends on the type of mechanical deformation introduced and the 
sequence environment. The collected data allowed the development of 
a simple harmonic-correlated mesoscopic model (32, 33), able to 
simulate long-RNAs and predict conformational ensembles with 
atomistic precision. This model will be of great utility to understand 
the behavior of long-RNA segments and RNA recognition in future 
predictive models.  

 
6.6 Summary of integrative study of the chromatin landscape and 
gene expression mechanisms 

 
The research conducted in this PhD thesis addresses the clear 

need to introduce complementary knowledge on the regulatory 
mechanisms that modulate gene expression and to understand the 
contributions of the chromatin landscape beyond DNA sequence. 
Initially, we discovered how sequence-dependent descriptors can 
accurately characterize TF-DNA binding interactions, revealing 
intrinsic and extrinsic modulators of TF binding across the genome, 
and highlighting the first regulation layer. We then turned our focus to 
nucleosomes, another crucial factor in chromatin accessibility. Our 
analysis of nucleosome positioning determinants uncovered the 
presence of two emitting nucleosome barriers, essential for the 2D 
organization of the genome within gene regulatory networks. Building 
on this, we examined the 3D chromatin conformation, demonstrating 
the complex mechanisms that chromatin undergoes in response to 
oxidative stress-induced DNA damage and how these changes 
correlate with gene expression. Additionally, we investigated triplex 
structures to understand their regulatory roles and conducted a 
detailed characterization of the properties of RNA duplexes using MD 
simulations as these improvements will be crucial for advancing RNA 
mediated networks. 

In conclusion, this thesis suggests that gene regulation is 
mediated by a competitive interplay among factors such as sequence-
dependent properties, nucleosome depleted regions, periodicity, 
protein effector binding, global and local chromatin structure, and the 
presence of interacting RNAs. This interplay assessed during this thesis 
characterizes the complex regulatory network. 
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6.7 Limitations and Future Perspectives 

 
During the study of gene regulatory mechanisms in this PhD 

thesis we faced several limitations. Firstly, there is a need for additional 
experimental in vivo data on TF binding due to current data scarcity. 
Furthermore, our current predictive method, despite its accuracy, 
could benefit from additional descriptors such as epigenetic marks on 
DNA, lesions or mismatches to study their effect on binding 
mechanisms. Cooperative effects and multiple binding would require 
the integration of neighboring effects into sequence-dependent and 
deformation energy calculations. 

Similarly, the presented reconstitution of nucleosome 
architectures currently does not investigate the cooperativity effects 
induced by neighboring genes, which might be a source of errors with 
some kind of gene architectures when the intergenic distance is small. 
Furthermore, while nucleosome positioning in yeast yielded 
satisfactory results, its accuracy diminished when applied to more 
complex organisms, necessitating reassessment of training, 
parameters, and variables, including longer genes and ultimately the 
effect of epigenetic marks on deformation energy calculations. 

In the 3D study of the structure of chromatin, further assessment 
of other sources of DNA damage and their effects on chromatin 
dynamics are needed to fully understand the chromatin DNA damage 
landscape. Higher-resolution mapping of DNA damage could shed 
light on its relationship with transcription disruption and chromatin 
dynamic changes. Finally, a time-dependent series of experiment 
would help to monitor the changes on chromatin structure when 
damage occurs and along the repairing process. 

The regulatory role of triplex forming oligonucleotides is 
compelling, and to confirm the possibility of an ancient regulatory 
mechanism, additional experimental data would be needed for the 
training and assessment of its regulatory impact upon in vivo binding. 
Synthetic biology type experiments seem the direction to follow to 
confirm the existence of a triplex-mediated regulatory mechanism. 
Additional experiments to determine the possibility of knocking down 
genes by adding a TFO-like oligo will be helpful to explore the concept 
of anti-gene therapies. 
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Chapter 7. Conclusions 
 
 
 

• The first layer of gene regulatory networks, TF-DNA binding, can 
be accurately predicted by the use of sequence-dependent 
structural and physical properties of the naked DNA that define 
in vitro readout mechanisms. DNAffinity, the developed 
algorithm, provides accurate predictions that out-performed 
current state-of-the art methods. Putative in vitro binding sites 
can be extrapolated to in vivo binding sites by adding a chromatin 
accessibility proxy: the nucleosome coverage.  

 
• The second layer of regulatory elements, nucleosome 

arrangements, can be accurately disentangled by the 
combination of a neural network for the detection of nucleosome 
free regions, and statistical positioning, as defined by signal 
transmission theory, for intragenic nucleosome arrays. The 
precision of the predicted nucleosome arrays surpasses that of 
previous methods and is within the range of experimental noise. 
This proves that the basal nucleosome array can be predicted 
from the basis of intrinsic (physical properties) and extrinsic 
(protein binding) descriptors.  

 
• Lesions can produce changes in chromatin structure, either by 

itself or by the activation of repairing mechanisms. For example, 
oxidative stress-induced DNA damage affects the 3D structure of 
the chromatin, especially in regions where we observe a change 
in the expression of genes or where the damage, as detected by 
lesion-dependent epigenetic signals, is more prominent. The 
overall changes observed in these regions, accounting for the 
simultaneous damage and repair, show a gain of interactions at 
very short distances, a loss of mid-range interactions and a gain 
of interactions at large distances, with significant changes in 
nucleosome arrangements and the associated nucleosome free 
regions (NFRs). 

 
• Triplex forming oligonucleotides (TFOs) are enriched in human 

long noncoding RNAs and microRNAs in comparison to those 
predicted by random models. These TFOs recognize with high 
affinity triplex target sequences (TTS) located in regulatory 
regions and UTRs, portraying their regulatory role. 
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• The study of all the unique RNA2 tetramers through extensive 

MD simulations reveals unique conformational and dynamic 
properties which differ from the DNA2. In essence, RNA2 follows 
a more harmonic behavior and a reduced sequence-dependent 
variability in terms of equilibrium properties. Accepted claims on 
the generally higher stiffness of the RNA duplex compared with 
the DNA one should be re-evaluated. The developed mesoscopic 
model might help to explore the properties of RNAi and other 
regulatory ribonucleotide acids. 
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Annex 
 

1. DNAffinity: a machine-learning approach to predict DNA 
binding affinities of transcription factors 
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2. An integrated Machine-Learning model to predict nucleosome 
architecture. 
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Suppl. Table S1: Sequences of primers used in the gene expression analysis by qPCR, 

and the amplicon size (in base pairs) obtained using each forward (F) and reverse (R) 

pair of oligonucleotides. 

 

 

 

 

Suppl. Table S2: Number of genes corresponding to each analyzed category 

 

Name	 Primer	sequence	(5’-3’)	 Amplicon	size	(bp)	
UBX5_F	 GACGACGACGAATATGAG	 163	
UBX5_R	 CGAGTTTGGACATGATTG	 	
CKB2_F	 GAGAATATGACACATGCC	 130	
CKB2_R	 CCGCCTCTTTGTACTTAG	 	
PPT1_F	 CAATGATCCGGCTGCTAC	 171	
PPT1_R	 GGACCTTCATAATTGGCT	 	
TRP4_F	 GTAGGTACTGGTGGTGAC	 117	
TRP4_R	 GGATGTAGAAGCTTTACC	 	
BSP1_F	 GGAAGAGCCGATATACCC	 147	
BSP1_R	 CGGACTTTCTGTAACTTC	 	
DGK1_F	 CCATTGCCCTTCCAAATA	 182	
DGK1_R	 GCCGAACCATTCATGAGA	 	
SLM3_F	 GATTGGAGAGATGTGAAC	 123	
SLM3_R	 CGACCCTTCACTGTAGCC	 	
PAN5_F	 GGGTACCGTTTTGGCAGT	 178	
PAN5_R	 GCATTCGCATTTCTCCAC	 	
ALG9_F	 CACGGATAGTGGCTTTGGT	 149	
ALG9_R	 CAGCAGGAAAGAACTTGGG	 	
ACT1_F	 GGTTGCTGCTTTGGTTATTGATAAC	 271	
ACT1_R	 CAATTCGTTGTAGAAGGTATGATGCC	 	
RPA135_F	 GAACAATGGCGAGGAGAAC	 141	
RPA135_R	 CCACCTATTTCATCGGATTC	 	
NMD3_F	 GGGTTGGATTTCTTCTATGC	 164	
NMD3_R	 GGAACAATCTCGACAGAATATG	 	
 

All genes Our genes W-open-W W-close-W Tandem
(TTS) Convergent Highly

Expressed
Lowly

Expressed

Genes (TSS)

7071 5676

2749 644 - -

713 669
Genes (TTS)

1134 942 2256 2496
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Suppl. Table S3: Autocorrelation (R) in the 4 control strains and 4 strains treated with 

phenanthroline 

 

 
 

Suppl. Table S4: Generated datasets. 

 

 

 

 

Sample Ctrl Mean Ph Mean P value from t.test
Strain 1 0.741 0.711 < 2.2e-16

Strain 2 0.743 0.722 < 2.2e-16

Strain 3 0.737 0.719 4.201e-11

Strain 4 0.744 0.732 2.846e-06

Strain Sample name in 
GEO

Genes modified 
with the 81-nt 
insertion

Treatment Data

Strain 1 GSM8081755 UBX5 and BSP1 Arrested in G1 with a 
factor

Mnase-seq

Strain 2 GSM8081756 CKB2 and DGK1 Arrested in G1 with a 
factor

Mnase-seq

Strain 3 GSM8081757 PPT1 and SLM3 Arrested in G1 with a 
factor

Mnase-seq

Strain 4 GSM8081758 TRP4 and PAN5 Arrested in G1 with a 
factor

Mnase-seq

Strain 1 GSM8081759 UBX5 and BSP1 Arrested in G1 with a 
factor + 30 min 
incubation with 1,10-
phenanthroline

Mnase-seq

Strain 2 GSM8081760 CKB2 and DGK1 Arrested in G1 with a 
factor + 30 min 
incubation with 1,10-
phenanthroline

Mnase-seq

Strain 3 GSM8081761 PPT1 and SLM3 Arrested in G1 with a 
factor + 30 min 
incubation with 1,10-
phenanthroline

Mnase-seq

Strain 4 GSM8081762 TRP4 and PAN5 Arrested in G1 with a 
factor + 30 min 
incubation with 1,10-
phenanthroline

Mnase-seq
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Suppl. Figure S1. A) Nucleosome coverage of tandem and convergent genes shown as 

a heatmap, centered at –last nucleosome. Genes are sorted by the distance between 

+1 and –last nucleosomes. B) Averaged nucleosome coverage among all genes of 

tandem (2256 genes) and convergent (2496 genes) genes centered at the –last 

nucleosome (left panel) and at the TTS (right panel). Separate curves are shown 

according to the orientation of the downstream gene. 
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Suppl. Figure S2. Scheme of our Neural Network Classifier composed of three layers: the 

input which consists of two stacked vectors of size 350, a hidden layer defined by 30 

neurons, and an output layer. 

 

 

 

Suppl. Figure S3. Experimental nucleosome coverage (panel A) against the NFR 

probability predictions across a 15kb genomic region for different centered windows (B-

D panels using 250bp, 350bp and 600bp windows respectively) 

 

 

A)

B)

C)

D)
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Suppl. Figure S4. NFR prediction (grey) against nucleosome experimental coverage (red) 

in our chrIV model for A) all TSSs, B) well positioned TSSs, C) all TTSs and D) well 

positioned TTSs. Green lines denote the average prediction of the +1 and -last 

nucleosomes 2stds from a fitted Gaussian distribution (dark blue). Similar plots are 

shown for our fully trained model for E) open TSSs, F) closed TSSs, G) open TTSs and H) 

closed TTSs. 

 

A)

B)

C)

D)

E)

F)

G)

H)
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Suppl. Figure S5. NFR prediction (grey) against nucleosome experimental coverage 

(red) in our DANPOS trained model for A) all TSSs, B) all TTSs. Green lines denote the 

average prediction of the +1 and -last nucleosomes 2stds from a fitted Gaussian 

distribution (dark blue). 

A)

B)
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Suppl. Figure S6. Autocorrelation coefficient for the nucleosome coverage signal in 

different potential periods. 

 

 

 
 

Suppl. Figure S7. Distance from integer (DFI, see Methods) score computed on (A) the 

gene length (distance between TSS and TTS) and (B) the nucleosome length (distance 
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between +1 and –last nucleosome). DFI is normalized (between 0 and 1) dividing by T/2 

and taking the absolute value. 

 

 

 

 

Suppl. Figure S8. A) Distance between the results of the combined prediction (green 

error bars) and the fully predicted (blue error bars) peaks through different position calls 

in comparison to the experimental mean (red line) for our starting testing data. B) Box 

plot distribution of all distances between the two scenarios (combined prediction in 

green, fully predicted in blue) and the experimental coverage peaks. Experimental 

fragments variability is shown in red. 

 

A) B)
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Suppl. Figure S9. A) Nucleosome coverage, experimental (black) and predicted (purple, 

see Methods) from +1 nucleosome, averaged across all genes. Genes are split into 

phased (left panel) or unphased (right panel) based on DFI<10 and DFI>40, respectively. 

B) Distances from predicted positions of the +1 and –last nucleosomes to the TSS (left 

panel) and TTS (right panel) respectively, of the predicted (red bars) and experimental 

(blue bars) positions. 
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Suppl. Figure S10. Distance between experimental and predicted nucleosome peaks for 

G1 (orange error bars), M (grey error bars) and S (brown error bars) phase, using 

combined (panel A) and full (panel B) prediction methods. Red line represents the 

experimental mean variability. 

 

 
 

Suppl. Figure S11. Deformation energy for the 8 selected genes without (top panels), 

or with (lower panels) the 81-nt insert (represented as a box coloured in cyan). 
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Suppl. Figure S12. Autocorrelation scores for highly (red) and lowly (blue) expressed 

genes derived from our four mutant strains (see Methods). 

 

 

 
 

Suppl. Figure S13. Nucleosome coverage of the four phased genes in the unmodified 

strain (blue) and their nucleosome coverage in the strain with the 81-nt insertion (red). 

Nucleosome positions in the original and modified strains are shown colored by their 
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class: Well-positioned (W, dark blue boxes) and Fuzzy (F, light blue boxes). The gene 

body from TSS to TTS is depicted as a white box. 

 

 

 
 

Suppl. Figure S14. Nucleosome coverage of the four not-phased genes in the unmodified 

strain (blue) and their nucleosome coverage in the strain with the 81-nt insertion (red). 

Nucleosome positions in the original and modified strains are shown colored by their 

class: Well-positioned (W, dark blue boxes) and Fuzzy (F, light blue boxes). The gene 

body from TSS to TTS is depicted as a white box. 
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Suppl. Figure S15. Gene Expression fold change (qPCR) for each gene with or without 

the 81-nt sequence insertion for phased (green bars) and not-phased (red bars) genes. 

 

 

 

 

A)

B)

C)

D)
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Suppl. Figure S16. Effect of phenanthroline on position of the +1 (A-B panels) and –last 

(C-D panels) nucleosome. Red lines denote the mean displacement, and blue lines 

denote the standard deviations from 0. Analysis performed on all the genes (A and C) or 

on the genes for which the displacement of the +1 or –last was inferior of 81bp (B-D).  

 

 

 
 

 

Suppl. Figure S17. Effect of transcription on nucleosome positioning from Weiner et al. 

(49). A) Change in the proportion of Fuzzy and Well-positioned nucleosomes upon 

transcription inhibition, with bars indicating relative standard error. B) Change in NFRs’ 

width at the TSS (-1 to +1 nucleosome distance) upon transcription inhibition using a ts 

allele (only cases with significant displacements (> 20 bps) are considered in the box 

plots). 

A) B)
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Suppl. Figure S18. Comparison between our method, full predictor (blue), and NuPoP 

(green) in the prediction of the nucleosome positioning for some genes along the 

genome respect to the experimental profile (grey). 

 



Exploring the chromatin landscape and gene expression mechanisms  

  264 

 
 

Suppl. Figure S19. Panel showing the receiver operating characteristic (ROC) curve 

results from our model trained on human nucleosome data for a 350bp window. 
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3. Effect of oxidative stress on 3D genome structure 
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Supporting Figure S1. Experimental protocol, characterisation of cells and cellular 
response to oxidative stress. (A) Scheme of the experimental set up to analyse the effect 
of oxidative stress (OS) on 3D genome structure. (B) Fluorescence intensity after flow 
cytometry and fluorescence microscopy of control (top panels) and OS (bottom panels) 
cell samples. Nuclei were stained with DAPI. (C) Confocal microscopy imaging of 
control (top panels) and OS (bottom panels) cells labeled with DAPI (blue) and β-tubulin 
(green). (D) Confocal microscopy images showing H2AS129ph (green) an nucleus (blue) 
in control (top panels) and oxidative stressed (bottom panels) cells. Intensity of 
H2AS129ph was quantified in 132 cells per sample (mean +/- standard deviation is 
plotted, t-Student p = 0.00001). (E) Structured Illumination Microscopy (SIM) images 
showing RAP1 (red) and nucleus (blue) in control (top panels) and oxidative stressed 
(bottom panels) cells. (F) Gene set enrichment analysis under OS response. The ten most 
representative upregulated (green) and downregulated (red) pathways are shown (FDR < 
0.05). 
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Supporting Figure S2. (A) Periodicity of nucleosome positions, (B) distribution of 
nucleosome free region (NFR) length around the transcription start site (TSS), and (C) 
distribution of chromatin interaction domain (CID) lengths in control (gray) and oxidative 
stressed (red) cells on the whole genome, upregulated genes, downregulated genes and 
damaged regions where H2AS129ph signal is enriched. 
 
 



Exploring the chromatin landscape and gene expression mechanisms  

  268 

 
Supporting Figure S3. Effect of oxidative stress on chromatin structure. Micro-C contact 
frequency maps at 200 bp binning for control (top panel) and oxidative stress (bottom 
panel) in a 10kb region containing the upregulated gene APJ1 (A), the downregulated 
gene ERG5 (B), and the damaged region HOL1-BIO3. Insulation score track was plotted 
on top of the maps for control (black) and oxidative stress (red). Below the maps, 
sequence annotation and nucleosome position profile (black = control, red = oxidative 
stress) was added. Promoter orientation is indicated with black arrows. Genes of interest 
are highlighted with a blue box. In (C), H2AS129ph tracks are indicated for the control 
(black) and oxidative stress (red) samples, with differential H2AS129ph highlighted with 
an orange bar below the plot. 
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Supporting Figure SX. Chromatin fibre models for APJ1 obtained with the coarse-
grained approach at the nucleosome level. Representative structures extracted from the 
ensemble for oxidative stress sample. Extreme nucleosomes from the gene (+1 from the 
TSS and -last from TTS) are indicated. 
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Supporting Figure S4. 3D distance distributions between nucleosome N and nucleosome 
N+x (x = 1, 2, … representing subsequent positions in the sequence) obtained for the 
ensemble structures from the coarse-grained model at the nucleosome level. Results are 
shown for different upregulated, downregulated genes and damaged regions in control 
and oxidative stress (OS) samples. Overlap between N/N+1 and N/N+x distributions are 
shown (for x = 2, 3, 4). Overlap = normalized proportion of the unitary area under the 
N/N+x curve below the median of the N/N+1 distribution (a value of 1 means both 
medians are coincident). 
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Supporting Figure S5. Chromatin fibre models for SSE2 obtained with the coarse-
grained approach at the nucleosome level. Representative structures extracted from the 
ensemble for oxidative stress sample. Nucleosome clutches are highlighted by dashed 
circles. 
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Supporting Figure S6. Relative compaction of the modelled nucleosome fibers between 
control and stressed conditions, measured by radius of gyration (gray for control and red 
for oxidative stress). Top panel = upregulated genes, middle panel = downregulated genes, 
bottom panel = damaged regions. 
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Supporting Figure S7. Comparison between genomic locations with differential SCC4 
ChIP-seq signal and genomic locations with differential chromatin interactions from Hi-
C. 
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Supporting Figure S8. Nucleus morphological measures. (A) Left: Fluorescence 
microscopy (nuclei stained with DAPI) in control (top panel) and OS (bottom panel) cells. 
Right: Nuclei surface obtained with IMARIS® for control (top panel) and OS (bottom 
panel) cells. (B) Nuclei volume (mean +/- standard deviation). t-Student p-value = 0.0021. 
(D) Length of major principal axis (mean +/- standard deviation). t-Student p-value = 
0.5226. 
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Supporting Table S1. Number of CIDs for control and OS conditions on the whole 
genome, upregulated genes, downregulated genes and damaged regions. 
 

Condition No. CIDs 
whole genome 

CONTROL 1569 
OS 1919 

upregulated genes 
CONTROL 65 
OS 80 

downregulated genes 
CONTROL 203 
OS 232 

damaged regions 
CONTROL 168 
OS 174 
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4. Systematic study of hybrid triplex topology and stability 
suggests a general triplex-mediated regulatory mechanism 
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5. Sequence-Dependent properties of the RNA duplex 
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