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Abstract

The expanding recognition of the central roles of RNA in cellular regulation
is opening new therapeutic opportunities for diseases driven by its dysregulation.
Two principal strategies are pursued in RNA based therapeutics, oligonucleotides
and small molecules. While oligonucleotides have achieved clinical milestones, this
thesis concentrates on small molecules, whose chemical tunability and compatibility
with medicinal chemistry provide a complementary route. Despite growing interest,
few marketed drugs directly target RNA, and most were identified through phenotypic
screening. This thesis addresses three interconnected projects, progressing from com-
parative biophysical analysis to applied RNA targeting and experimental ensemble

refinement.

First, we compared ligand recognition in a protein enzyme and an RNA receptor
that bind the same ligand, riboflavin kinase and the flavin mononucleotide riboswitch.
Molecular dynamics simulations characterized conformational space, electrostatic or-
ganization, and ligand and solvent dynamics within binding pockets. The analysis
revealed comparable capacities to establish polar noncovalent interactions, alongside

distinct patterns of flexibility and solvent exchange.

Second, we developed an early stage discovery framework targeting the HIV-1
trans activation response element. Mixed solvent simulations using the SHAdow
Mixed solvent metAdynaMics approach generated hot spot and pocket maps that
guided ensemble aware virtual screening. Conformational clustering was refined with
local structural descriptors to preserve base pairing and stacking features. A hybrid
pipeline integrating rigid receptor docking, a machine learning scoring function, and
complementary chemical space exploration produced a shortlist of approximately two

hundred candidate compounds.

Third, we refined an HIV-1 TAR conformational ensemble by combining enhanced
sampling with Maximum Entropy reweighting to reproduce residual dipolar coupling
data. Well Tempered Ensemble simulations expanded conformational coverage, while
reweighting enforced agreement with experimental averages. The refined ensemble
enabled the characterization of dominant substates and their roles in ligand recogni-

tion.



Together, these studies establish an ensemble centered framework for RNA tar-

geted small molecule discovery.
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1 Introduction

1.1 Ribonucleic Acid (RNA)

Ribonucleic acid (RNA) is widely recognized as one of the most essential and ver-
satile biomolecules in molecular biology, being present in all living systems.[1, 2] For
decades, its role was thought to be restricted to the transmission of genetic information
from DNA to proteins, as formulated in the Central Dogma of molecular biology.[3]
Within this classical framework, RNA was largely regarded as a transient messenger, a
simple intermediary between the genetic archive of DNA and the functional repertoire

of proteins.

Over the past decades, however, this view has expanded considerably. Advances
in molecular biology and biochemistry have revealed that RNA molecules are not pas-
sive carriers but active regulators and catalysts. The classical RNA species, messenger
RNA (mRNA), transfer RNA (tRNA), and ribosomal RNA (rRNA), remain indispens-
able for protein synthesis, yet an ever-growing number of non-coding RNAs (ncRNAs)
have been shown to control gene expression, modulate chromatin states, and mediate
cellular stress responses. [1] The discovery of catalytic RNAs, or ribozymes, together
with the pervasive presence of regulatory RNAs in virtually all domains of life, has

firmly positioned RNA at the core of cellular regulation.[2]

Beyond its biological relevance, RNA has also emerged as a central element in
biotechnology and medicine. The success of RNA-based vaccines has demonstrated
the feasibility of exploiting RNA molecules as therapeutic agents, while antisense
oligonucleotides, RNA interference, and RNA-targeted small molecules exemplify the
growing pharmacological importance of this field.[4, 5] This dual nature of RNA, as
both a biological regulator and a pharmacological tool, has reshaped the landscape
of modern drug discovery and inspired intense research efforts across academia and

industry.

This introductory chapter, therefore, aims to provide an overview of the essential
biological aspects of RNA, tracing its transition from a supporting role within the

Central Dogma to a central actor in the regulation of cellular processes. It will also
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emphasize the increasing importance of RNA in pharmaceutical sciences, where it
is now investigated both as a therapeutic agent and as a molecular target with vast

potential applications.

1.1.1 Essential biological and historical aspects

To understand the multifaceted roles of RNA, it is essential to begin with its funda-
mental biological features. Chief among these is RNA biosynthesis, which takes place
through transcription, a central process by which genetic information is transferred
from DNA to RNA molecules. During transcription, RNA polymerase catalyzes the

stepwise assembly of the RNA strand by forming covalent bonds between nucleotides.

Within the framework of molecular biology, this property was long interpreted
in light of the Central Dogma,[3] originally formulated in the 1960s. According to
this model, RNA was considered a passive intermediary in the linear flow of genetic

information from DNA to functional proteins (Fig. 1.1).

qq§‘
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Figure 1.1. Schematic representation of the Central Dogma, illustrating the flow of genetic information from
DNA to RNA to proteins.

This perspective was reinforced by the identification of key RNA species such as
messenger RNA (mRNA), transfer RNA (tRNA), and ribosomal RNA (rRNA), which
collectively support the protein synthesis machinery. For several decades, transcripts

lacking coding potential were largely disregarded and often labeled as "junk RNA".[6]

Only in the closing years of the twentieth century did a paradigm shift occur,
demonstrating that RNA molecules can carry out a wide spectrum of regulatory func-
tions beyond translation. A decisive breakthrough came in 1998, when Fire and Mello
showed that double-stranded RNA could trigger the degradation of specific mRNA

sequences in C. elegans.[7] This process, later termed RNA interference (RNA1),
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provided conclusive proof that RNA could modulate gene expression at the post-

transcriptional level.

Building on these foundations, subsequent studies revealed additional classes of
non-coding RNAs, including microRNAs[8] and long non-coding RNAs,[9] which
regulate gene expression through diverse mechanisms such as translational repres-
sion, mRNA destabilization, or chromatin remodeling.[9] Moreover, RNA-mediated
regulation proved to be responsive to environmental cues, including temperature fluc-
tuations, highlighting the ability of RNA molecules to act as dynamic sensors and

effectors within complex gene regulatory networks.[10]

In recent years, increasing attention has been directed toward the "RNA World"
hypothesis,[11] a theoretical framework proposing that early life on Earth may have
originated from self-replicating RNA molecules capable of both storing genetic infor-
mation and catalyzing chemical reactions. In this view, RNA would have preceded
the evolution of DNA and proteins, fulfilling dual roles as both genotype and pheno-
type in the earliest biological systems. This concept is supported by the discovery of
catalytic RNAs, or ribozymes, as well as by the central role of RNA in contemporary
biological machineries such as the ribosome, which preserves functional elements of
ancient RNA-based catalysis.[12]

1.1.2 Classification of RNA Functions

RNA molecules can be classified according to several criteria, including cod-
ing potential, size, and functional role.[13—15] The fundamental distinction lies be-
tween coding and non-coding RNAs, which fulfill divergent roles and therefore exhibit

marked heterogeneity in both structure and function.[16]

1. Coding RNAs Messenger RNAs (mRNAs) act as intermediaries that transfer

genetic information from DNA to ribosomes, where they direct protein synthesis.
2. Housekeeping non-coding RNAs These RNAs carry out constitutive and indis-
pensable cellular functions. Key examples include:

* Transfer RNAs (tRNAs), adaptor molecules that deliver specific amino acids to

the ribosome during translation.
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* Ribosomal RNAs (rRNAs), central structural and catalytic components of ribo-
somes, essential for protein assembly.
* Small nuclear RNAs (snRNAs), which participate in pre-mRNA splicing.

* Small nucleolar RNAs (snoRNAs) and Cajal-body RNAs (scaRNAs), which
guide chemical modifications of other RNAs, such as rRNAs and snRNAs.

3. Regulatory non-coding RNAs This category comprises RNAs that modulate
gene expression, epigenetic states, and related regulatory processes. They are com-

monly divided by length:

* Small non-coding RNAs (typically less than 200 nucleotides), including:
i) microRNAs (miRNAs), which regulate mRNA stability and translation; [16]
i1) small interfering RNAs (siRNAs), derived from endogenous or exogenous
sources to induce post-transcriptional silencing; [7]
iii) PIWI-interacting RNAs (piRNAs), crucial for transposon silencing and
germline genome integrity;
iv) tRNA-derived fragments (tRFs), increasingly recognized as modulators dur-

ing cellular stress.

* Long non-coding RNAs (IncRNAs), a heterogeneous group of transcripts
longer than 200 nucleotides, involved in epigenetic regulation, transcriptional

control, and post-transcriptional processes. [16, 17]

4. Other non-coding RNAs Several additional classes have also been identified:

* Enhancer RNAs (eRNAs), transcribed from enhancer elements and thought to
facilitate chromatin architecture and transcriptional activation.[18, 19]

* Circular RNAs (circRNAs), characterized by covalently closed structures, im-
plicated in gene regulation and increasingly studied as disease biomarkers.[20]

* Trans-activating CRISPR RNAs (tracrRNA) in prokaryotes, which guide
CRISPR-associated (Cas) proteins to recognize and degrade invading nucleic

acids as part of adaptive immunity.[21]



1.1 Ribonucleic Acid (RNA)

1.1.3 Chemical properties of RNA

RNA is composed of four fundamental monomeric units, the nucleotides. Each
nucleotide contains three main components: a planar aromatic base, a ribose sugar in
its furanose form, and a phosphate group (Figure 1.2). The chemical identity of the
nitrogenous base determines the nature of the nucleotide, which may be adenine (A),

guanine (G), cytosine (C), or uracil (U).

Structurally, RNA is a linear polynucleotide chain in which nucleotides are co-
valently linked by 3'-5" phosphodiester bonds. A defining feature of RNA, when
compared to DNA, is the presence of a hydroxyl group at the 2’ position of the ri-
bose ring. This additional functional group acts both as a hydrogen-bond donor and
acceptor, thereby broadening the spectrum of possible intra and intermolecular inter-
actions. The 2’ hydroxyl group also confers high chemical reactivity: it can perform
intramolecular nucleophilic attack on the adjacent phosphate group, leading to cleav-
age of the phosphodiester bond between the 3’ end of one nucleotide and the 5’ carbon
of the next. As a result, RNA is intrinsically prone to spontaneous hydrolysis under

physiological conditions.[22]

Compared to DNA, RNA exhibits much greater structural flexibility. This con-
formational plasticity arises largely from the 2’ hydroxyl group, which perturbs the
regularity of the sugar-phosphate backbone and promotes the formation of diverse

secondary and tertiary structural motifs.

A central aspect in the study of RNA dynamics lies in the network of non-covalent
interactions along the chain. In addition to classical interactions also present in pro-
teins, such as electrostatic forces, especially relevant due to the highly negatively
charged phosphate backbone, and van der Waals interactions, RNA displays distinc-
tive base—base interactions.[23] These fall into two main categories: base pairing and

base stacking.

Base pairing involves hydrogen bonding between nucleobases. RNA most often
adopts canonical Watson—Crick pairs, with adenine (A) binding uracil (U) and gua-
nine (G) binding cytosine (C). However, the structural properties of RNA, particularly

the 2’ hydroxyl group, allow for numerous non-canonical geometries. These include
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Figure 1.2. Structural features of RNA nucleotides and base pairing. (A) Chemical structures of the four
canonical RNA nucleobases: purines (adenine, A; guanine, G) and pyrimidines (cytosine, C; uracil, U). (B)
Structure of an RNA nucleotide, highlighting the ribose sugar, phosphate group, and nitrogenous base (adenine
shown as an example). The principal torsional angles of the RNA backbone (a, 3, v, J, €, ¢, and x) are
indicated. (C) Base-pairing schemes: canonical Watson—Crick pairs (A—U and G-C) and the non-canonical
wobble G-U pair. Hydrogen bonds and the orientation of major and minor grooves are shown. (D) Schematic
representation of a nucleotide within the RNA backbone, showing the phosphate group (yellow), ribose sugar
(green), and nitrogenous base (red), and their connectivity to adjacent nucleotides.
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wobble pairs such as G-U, as well as many other arrangements that deviate from stan-
dard Watson—Crick rules. A classification of such interactions, based on glycosidic

bond orientation and the edges of the bases involved, is summarized in Figure 1.2C.

Base stacking refers instead to attractive interactions between the aromatic rings
of adjacent nucleobases. Governed by the principles of m—7 stacking, these interac-
tions provide substantial stabilization to both secondary and tertiary RNA structures.
Stacking is highly sequence- and context-dependent, with its strength influenced by

solvent conditions, ion concentrations, and backbone conformation.

1.1.3.1 RNA structural features

Secondary structure motifs The primary structure of RNA, typically a single lin-
ear strand of covalently linked ribonucleotides, is conceptually simple. By contrast,
its secondary and tertiary organizations display remarkable complexity.[24, 25] Sec-
ondary structure arises mainly from local base pairing and base stacking interactions,
which drive the formation of energetically stable double-helical domains. These re-
gions usually adopt an A-form helix stabilized by canonical Watson—Crick base pairs,
particularly G—C and A-U, and serve as the fundamental building blocks of RNA
folding.[26]

Not all nucleotides, however, participate in canonical hydrogen bonding. Unpaired
nucleotides generate characteristic single-stranded motifs, which are hallmarks of
RNA architecture. Common examples include apical loops (located at helix termini),
internal loops (interrupting helical continuity), and bulge loops (unpaired residues pro-
truding from one strand of a duplex).[27] The combination of a helical segment capped
by an apical loop forms a stem-loop, or hairpin structure, one of the most ubiquitous
secondary motifs. When multiple helices converge at a single site, more complex

architectures known as multi-helix junctions emerge (Figure 1.3).[28]
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Figure 1.3. Schematic representations of common RNA secondary structure motifs, including duplexes, inter-
nal loops, bulges, hairpins, multiloops, multi-way junctions, and RNA triplexes. Nucleotides are color-coded
as follows: adenine (A) in yellow, uracil (U) in green, guanine (G) in blue, and cytosine (C) in red. Light
grey lines indicate phosphodiester backbone connections. Black solid lines denote canonical base pairs (Wat-

son—Crick), while dotted lines indicate non-canonical interactions.

Beyond canonical base pairing, RNA can establish a broad spectrum of non-
canonical interactions that substantially enrich its structural and functional repertoire.
These include alternative hydrogen-bonding schemes, such as Hoogsteen and reverse
Hoogsteen pairing, which can support base triplets and higher-order motifs. For in-
stance, U-A-U base triples (i.e., a uridine forming a Hoogsteen interaction with the
adenine of a pre-existing A—U Watson—Crick pair) are widespread in RNA triple he-
lices and help stabilize tertiary folds.[29] Such contacts are central to the stabilization

of RNA tertiary structure and to mediating long-range intramolecular communication.
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Tertiary structure motifs Tertiary structure refers to the three-dimensional orga-
nization of the RNA chain and emerges from long-range spatial interactions among
secondary elements. While certain motifs may be distant in the linear sequence, or
even appear disconnected in two-dimensional representations, their folding within the
cellular environment can bring them into close proximity, enabling the establishment

of stable and functionally relevant contacts.[30]

Canonical duplexes often stack cooperatively, giving rise to extended helical do-
mains. Their stability and orientation are governed largely by coaxial stacking, where
adjacent helices align along a common axis, maximizing base overlap and enhancing
thermodynamic stability. Junction regions, where several helices meet, are key de-
terminants of global architecture: they dictate relative helical orientation and provide
structural flexibility.[30, 31]

More elaborate topologies result from tertiary contacts between independently
folded secondary motifs. Notable examples include kissing-loop interactions, where
two hairpin loops form complementary base pairs, and pseudoknots, in which a single-
stranded region folds back to base pair with a previously distant sequence, producing
a topologically interlaced structure.[32] These motifs enhance the compactness, rigid-
ity, and functional diversity of folded RNA molecules and frequently serve as scaffolds

for ligand binding or protein recognition.

1.2 RNA as a Drug and as a Druggable Target

As previously discussed, RNA has progressively emerged as both a central reg-
ulator of cellular physiology and a versatile target for therapeutic strategies.[33, 34]
Beyond its canonical role in transmitting genetic information, the discovery of non-
coding RNAs, riboswitches, and post-transcriptional modifications has revealed an
unprecedented spectrum of structural and functional diversity. These insights have
driven the development of RNA-based therapies and, more recently, the direct tar-
geting of RNA with small molecules. Current strategies can be broadly divided into
two complementary approaches: RNA as a pharmaceutical agent, including oligonu-
cleotide drugs such as antisense oligonucleotides, siRNAs, miRNAs, and CRISPR-
based technologies, and RNA as a therapeutic target for small molecules.[4, 5, 33, 35,
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36] The following sections briefly review these two paradigms.

RNA as a Pharmaceutical Agent Oligonucleotide therapeutics exploit Watson—
Crick complementarity to modulate gene expression at the RNA level with high speci-
ficity. Within this class, antisense oligonucleotides (ASOs) hybridize to complemen-
tary mRNA sequences to alter splicing or elicit RNase H-mediated degradation.[37]
FDA-approved examples include Nusinersen, which promotes exon 7 inclusion in the
survival motor neuron 2 (SMN2) transcript to treat spinal muscular atrophy, [38, 39]
and Eteplirsen, an exon-skipping agent used in Duchenne muscular dystrophy.[40, 41]
In parallel, siRNAs have reached the clinic: landmark approvals include Patisiran,
the first FDA-approved siRNA that silences ransthyretin (TTR) mRNA in heredi-
tary transthyretin amyloidosis, [42, 43] followed by Givosiran for acute hepatic por-
phyria[44] and Lumasiran for primary hyperoxaluria type 1,[45] underscoring the
therapeutic breadth of RNAi. Therapeutic modulation of miRNAs is also under ac-
tive investigation, with synthetic oligonucleotides designed either to mimic tumor-

suppressive miRNAs or to inhibit oncogenic ones.[46]

A distinct modality is represented by mRNA-based vaccines. Unlike ASOs
and siRNAs, which modulate endogenous transcripts, these formulations deliver
exogenous mRNA encoding antigenic proteins to elicit protective immune responses.
The clinical success of the Pfizer—BioNTech BNT162b2[47] and Moderna mRNA-
1273 [48] vaccines against SARS-CoV-2 established the feasibility and scalability
of mRNA therapeutics, and their adaptability to rapidly emerging pathogens. Be-
yond infectious diseases, mRNA vaccines are being explored in oncology to encode

tumor-associated antigens and stimulate anti-tumor immunity.[49]

Small Molecules Targeting RNA In parallel with oligonucleotide-based ap-
proaches, growing efforts have focused on developing small molecules that selec-
tively bind RNA structures.[4, 34] Unlike oligonucleotide drugs, small molecules
offer favorable pharmacokinetic properties, including oral bioavailability and tissue
penetration, while retaining the ability to modulate RNA function. The feasibility of
RNA as a small-molecule target is supported by numerous clinical and preclinical
studies, as well as advances in structural biology and computational drug design.

[33, 50] Classic examples include antibiotics such as aminoglycosides, which bind
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bacterial rRNA to inhibit protein synthesis, and linezolid, which targets the ribosomal
peptidyl transferase center.[51] Riboswitches, naturally occurring regulatory RNA
elements, have also been exploited: synthetic ligands for the preQ; riboswitch, for
example, have shown that rational design can achieve potent and selective modula-
tion of RNA tertiary structures.[52] Similarly, group II introns, which function as
ribozymes, have been inhibited by compounds such as intronistat B, with potential

antifungal applications.[53]

A particularly notable achievement in human therapeutics is the development of
small-molecule modulators of pre-mRNA splicing. Risdiplam target the SMN2 pre-
mRNA, stabilizing the interaction between the Ul snRNP and the transcript to pro-
mote exon 7 inclusion.[54-57] Risdiplam, in particular, represents a landmark suc-
cess: it is the first orally bioavailable RNA-targeting small molecule approved by the
FDA for the treatment of spinal muscular atrophy (SMA). SMA is a severe neuro-
muscular disorder caused by insufficient levels of SMN protein due to deletions or
mutations in the SMN1 gene. Patients rely on the paralogous SMN2 gene, which
predominantly produces transcripts lacking exon 7 and therefore encodes unstable
proteins. Risdiplam modifies SMN2 splicing, thereby increasing the production of
full-length SMN protein. [54]

1.3 Computational approaches in drug discovery

Over the past few decades, computational methods have become essential tools
in modern drug discovery, complementing and accelerating experimental pipelines.
Structure-based approaches, such as molecular docking, molecular dynamics (MD)
simulations, and free energy calculations, are now routinely employed to explore
biomolecular recognition and guide hit-to-lead optimization.[58—60] Docking enables
the rapid screening of large compound libraries against target structures, providing
putative binding poses and rough estimates of affinity. MD simulations extend this
framework by explicitly accounting for the dynamic nature of biomolecules under re-
alistic conditions, thereby elucidating mechanistic features and conformational adapt-
ability.[61] Free energy methods, including alchemical and endpoint calculations, fur-
ther allow quantitative assessment of ligand binding thermodynamics and are increas-

ingly used to prioritize compounds with higher accuracy.[62]

11
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In recent years, the field has also been reshaped by the integration of artificial
intelligence (AI) and machine learning (ML), which are revolutionizing both ligand
and structure-based approaches. Data-driven models are now applied to predict bind-
ing affinities, generate de novo molecules, and optimize compound libraries, thereby
complementing physics-based simulations and enhancing their predictive power. [63]
The integration of these strategies has consolidated computational drug discovery as a
core element in pharmaceutical research, capable of reducing costs, shortening time-
lines, and providing molecular-level insights unattainable by experimental techniques

alone.

1.3.1 Computational approaches in RNA-targeted drug discovery

Although computational methods have long reached the status of established tools
in protein-based drug discovery,[58—60] their systematic application to RNA targets
is still at an early stage.[33, 34, 64] Structure-based design and virtual screening
pipelines are now routine in campaigns directed against protein targets, where decades
of crystallographic data and refined force fields provide reliable structural and ener-
getic frameworks. By contrast, RNA drug discovery poses unique challenges, includ-
ing its pronounced conformational plasticity, the scarcity of high-resolution experi-
mental structures, and the limited accuracy of force fields specifically optimized for
nucleic acids.[23, 34] Moreover, the chemical space of RNA binders remains only
partially explored, with emerging evidence suggesting distinctive physicochemical re-

quirements that deviate from protein-oriented rules.[65, 66]

Despite these limitations, recent progress highlights the growing feasibility of
computational approaches in RNA drug discovery. Ensemble-based docking strate-
gies, initially developed for proteins, are being adapted to capture RNA dynamics
and identify transiently formed binding pockets.[67—69] Similarly, MD simulations,
complemented by enhanced sampling and experimental data integration, are increas-
ingly used to generate conformational ensembles consistent with solution observa-
tions.[70] In parallel, RNA-specific docking protocols and scoring functions have
emerged, outperforming protein-derived tools in reproducing experimentally validated
RNA-ligand complexes. [69, 71-74]

Al and ML have also introduced a new tools in RNA-targeted drug discovery. data-
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driven scoring functions like RNAmigos2 extend these advances to the prediction of
RNA-small molecule interactions, using graph-based deep learning to capture pocket-
specific recognition patterns.[75] Alongside scoring functions such as RNAmigos2,
another notable contribution is BiteNet, a 3D convolutional neural network designed
to detect ligand-binding sites in nucleic acid structures.[76] These advancements are
rapidly consolidating into a robust framework that, when integrated with experimental

pipelines, will expand the therapeutic space beyond proteins.
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2 Aim of the work

The aim of this thesis is to contribute to RNA targeted small molecule discovery
through computational means by assembling and validating a computational frame-
work that progresses from comparative case studies to an application on a pharmaceu-
tically relevant RNA. Chapter 3, Theoretical Background, provides the operative back-
bone of the work, with algorithms and methodologies used across projects. Building
on this foundation, the projects increase in complexity. In the first project, described
in Chapter 4, From Proteins to RNA: Comparative Analysis of Ligand Binding De-
terminants, we aim to investigate how a single ligand engages two distinct molecular
contexts, a protein target and an RNA target. We select riboflavin as the common
ligand and examine riboflavin kinase and the flavin mononucleotide riboswitch as
representative systems that bind the same chemical entity. This design controls for
intrinsic ligand properties and isolates the contribution of the binding environment.
Specifically, the chapter addresses three questions. First, how do the conformational
ensembles of the two targets differ in regions relevant for recognition, and how do
these differences modulate the accessible binding modes. Second, what is the quan-
titative role of electrostatics in shaping interaction patterns and effective complemen-
tarity within the binding site. Third, how do ligand dynamics and water dynamics
within the pockets contribute to stability and selectivity, including possible signa-
tures of solvent rearrangement that accompany binding. In Chapter 5, Exploring RNA
Druggability through SHAMAN, we adopt a drug discovery oriented perspective and
target a challenging yet pharmaceutically relevant RNA, the HIV-1 trans activation re-
sponse (TAR) element. We develop an exploration and prioritization workflow based
on the recently introduced SHAdow Mixed solvent metAdyNamics, SHAMAN, that
maps binding hotspots within conformational ensembles, and ranks them according to
druggability oriented criteria. The workflow then couples these maps to downstream
virtual screening by selecting representative conformations, evaluating pocket quality
with complementary predictors, seeking consensus with the mixed solvent maps, and
guiding docking toward the most promising states. This chapter demonstrates that
ensemble-aware pocket mapping is essential for flexible RNA targets, sharpens the
focus of structure based screening, and delivers a final set of commercially available

compounds that are selected for experimental testing to further validate the approach.

15



2 Aim of the work

16

Finally, in Chapter 6, Integrative Refinement of RNA Conformational Ensembles via
the Maximum Entropy Principle, we address a central challenge for HIV-1 TAR,
namely the reconstruction of an experimentally validated conformational ensemble
that is suitable for drug discovery campaigns. We begin from extensive enhanced
sampling and refine the resulting distribution with a Maximum Entropy reweighting
scheme to enforce agreement with independent observables while preserving the en-
semble nature of the target. The objective is to obtain an experimentally compliant
ensemble that can be analyzed and described. In parallel, by comparing ensemble de-
rived pockets of unbound TAR with ligand bound structures available in the Protein
Data Bank, we aim to assess the relative contribution of conformational selection and
induced fit, clarifying how pre-existing conformations and ligand driven rearrange-

ments cooperate to produce recognition competent states.

Together, these chapters aim to establish a coherent and reproducible path from

methods to application that supports rational design on flexible RNA systems.



3 Theoretical background

3.1 Molecular Dynamics

Molecular Dynamics (MD) simulations are a powerful computational technique
for investigating the structural and energetic evolution of molecular systems at atomic
resolution over time. Over the past decades, their application in the pharmaceutical
field has become increasingly consolidated.[61, 77, 78] Within this framework, atoms
are treated as classical particles whose motions are governed by Newton’s laws, and
interatomic interactions are described by empirical potential energy functions, known
as force fields. The system is modeled according to the principles of molecular me-
chanics (MM) and the Born-Oppenheimer approximation, which assumes that elec-

tronic motions can be decoupled from nuclear dynamics.[79]

Atoms are connected by virtual springs that mimic chemical bonds, allowing os-
cillations around equilibrium geometries. The force field encompasses both bonded
(bonds, angles, dihedrals) and non-bonded (van der Waals and electrostatic) interac-

tions:
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The parameters defining these interactions are typically derived from quantum me-
chanical calculations, experimental measurements, or a combination of both. Once
the potential energy surface is established, the force on each atom is computed as the

negative gradient of the potential:
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d?”i n ‘ dtQ

F, = (3.2)
This equation yields the acceleration of each particle, from which velocities and
positions are iteratively updated at each timestep according to the second law of mo-

tion:

d2Ti

4G =—5 (3.3)

Initial atomic coordinates were obtained from experimentally determined struc-
tures (X-ray crystallography, NMR spectroscopy, cryo-EM) or, when unavailable,
predicted with state-of-the-art tools such as AlphaFold [80, 81] and Boltz.[82, 83]
Initial velocities were drawn from a Maxwell-Boltzmann distribution at the target
temperature. The dynamics were propagated by numerically integrating the classical
equations of motion with a fixed time step At, thereby generating time-ordered en-
semble of configurations (i.e., trajectories) of molecular conformations that encode

the dynamical behavior of the system.

One of the principal advantages of employing MD simulations for the characteriza-
tion of molecular properties lies in their theoretical foundation on the ergodic hypoth-
esis. According to this principle, provided that the simulation time is sufficiently long
to enable exhaustive sampling of the configurational space, the time average of a given
observable along the trajectory can be considered equivalent to its ensemble average.
Therefore, the properties computed from the simulation are, in principle, comparable
to those measured experimentally under experimental conditions.[84] MD simulations
are widely used to elucidate complex biophysical phenomena, ranging from protein
folding, allostery,[85] ligand-binding, kinetics[86] Intrinsically Disordered Proteins
(IDPs) conformational dynamics,[87, 88] and binding-affinity estimation.[64]

When designing and conducting MD simulations, two fundamental aspects must
be carefully considered: (i) the reliability of the employed force field and (ii) the asso-
ciated computational cost. The force field, which defines the potential energy function

governing interatomic interactions, critically influences the accuracy of the simulation
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outcomes. As such, the more accurately a force field captures the underlying physi-
cal chemistry of the system, the more reliable will be the simulated observables. In
the context of protein modeling, years of extensive refinement and validation have
led to the establishment of highly accurate and standardized force fields. Conversely,
the parameterization of RNA-specific force fields remains an area of active develop-
ment.[23] Recent years have seen notable improvements in this domain, as discussed

in Paragraph 3.1.1 .

A further challenge regard the convergence of MD simulations. Conformational
transitions of biological macromolecules often occur on the millisecond timescale,
whereas conventional equilibrium MD simulations are typically limited to the mi-
crosecond regime, despite recent advances in computational hardware and algorithms.
As a consequence, routine MD may fail to adequately explore the full conformational
landscape, thus violating the conditions required for the ergodic hypothesis to hold. In
particular, the sampling of infrequent but biologically relevant conformational states
may be severely limited. To address this limitation, several enhanced sampling strate-
gies have been developed. These methods introduce an external biasing potential to
accelerate the exploration of the conformational space while maintaining a reasonable

computational cost. These methods are deeper discussed in the Paragraph 3.1.2.

3.1.1 RNA Force Fields

Molecular mechanics force fields provide an empirical description of interatomic
interactions and constitute the foundation of classical molecular dynamics simula-
tions. In the case of RNA, considerable efforts have been devoted to improving the
accuracy of all-atom force fields, although the development of a fully general-purpose

model remains incomplete.

In the RNA field, the most widely used family is AMBER (Assisted Model Build-
ing with Energy Refinement), whose Cornell et al. parametrization (AMBER {f94) has
been progressively refined over the years (See Table A.1).[89-91] Notable improve-
ments include the reparameterization of the o/~ backbone torsions in the parmbscO
correction, which reduced unrealistic helical twists in RNA stems [92], and the repa-
rameterization of the glycosidic y torsion in the AMBERYOL3 model, which pre-

vented the formation of ladder-like structures by improving the syn/anti balance of
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nucleobases. [93-95] Further more recent tuning of AMBER has focused on phos-
phate oxygen parameters,[96] hydrogen-bonding imbalances [97, 98], and the use
of CMAP correction maps.[99] More recently, the NBfixgpp;, correction introduced
a pair specific weakening of short range Lennard—Jones repulsion between intranu-
cleotide base C—H donors and the O5’ phosphate oxygen, which alleviates an artificial
O0BPh steric clash, improves the syn/anti balance of nucleobases, and stabilizes native
A form like conformations in short RNAs without detectable side effects on larger
structured motifs.[100] Additionally, a targeted nonbonded adjustment that weakens
the short range Lennard Jones repulsion for specific CH- - - O contacts, was recently
introduced to stabilize native RNA stem loop structures without altering the remain-
der of the force field. [101] Another important contribution was introduced by the
D. E. Shaw Research group, which developed the DESRES modification based on
AMBER ff14.[102] This parametrization recalibrated nucleobase charges, torsional
profiles, and Lennard-Jones parameters, improving the balance of base pairing and

stacking interactions.[103]

Beyond AMBER, the CHARMM (Chemistry at Harvard Macromolecular Me-
chanics) community has established a parallel set of RNA force fields. Early versions,
such as CHARMM22[104] and CHARMMZ27,[105] refined backbone dihedrals but
suffered from excessive terminal base fraying. CHARMM236[106, 107] partially mit-
igated this issue, while more recent efforts introduced a polarizable force field based
on the Drude oscillator, providing a more accurate description of charge-transfer phe-

nomena that are essential for RNA—ion interactions and tertiary folding.[108]

3.1.2 Enhanced Sampling Methods

Despite the advancements in MD engines and computational resources, the ex-
haustive exploration of biomolecular free energy landscapes remains a major chal-
lenge. This limitation is primarily due to the presence of high free energy barriers that
hinder transitions between metastable states, which are often crucial for understand-
ing the functional behavior of biological macromolecules. To overcome this issue, a
wide range of enhanced sampling methods has been developed. These methods aim to
facilitate barrier crossing and improve the statistical characterization of the underly-

ing structural ensemble by either (i) introducing a bias along a set of predefined slow
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degrees of freedom, commonly referred to as collective variables (CVs),[109-111] or
(i) modifying the thermodynamic ensemble through strategies such as temperature

scaling[112] or solute tempering.[113]

Among CV-based approaches, umbrella sampling[109] and metadynamics[110] as
well as their developments[111] have gained substantial relevance due to their ability
to dynamically adapt the biasing potential and reconstruct the underlying free energy
surface in a computationally efficient manner. Metadynamics-based methods are of-
ten formulated within the theoretical framework of extended ensembles, where the
simulation samples from a modified distribution that can be reweighted to recover

equilibrium thermodynamic observables.[114]

In the following paragraphs, the theoretical foundations of metadynamics , well-
tempered metadynamics, parallel temepring, and the well-tempered ensemble will be

presented and discussed.

3.1.2.1 Metadynamics

Metadynamics (MetaD) is one of the most widely used enhanced sampling strate-
gies based on collective variables (CVs).[115] It overcomes the intrinsic timescale lim-
itations of standard molecular dynamics by promoting transitions between metastable
states. The method introduces a history-dependent bias potential V' (.S, ¢) as a function
of a set of CVs S(z) = (S51,...,S4), with = denoting the microscopic coordinates.
This bias discourages revisiting already explored regions of the CV space, thereby

promoting rare events and improving sampling of the free-energy landscape.

To drive the system out of local minima, the bias is constructed as a time-
dependent sum of Gaussian functions deposited at regular intervals along the

trajectory in CV space

d

V(Sit) = > W(kr) exp(—

kT<t

2
[Si(x) — Si(x(kT))]
5 , (3.4)
20
=1
where W (k7) is the Gaussian height and o, the width along the i-th CV; the sum runs
over past deposition times ¢'. At convergence, the free-energy surface F'(S) can be

estimated from the accumulated bias as

F(S) = —lim V(S,t) + C, (3.5)

t—o00
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with C' an arbitrary additive constant. Accurate estimation requires that the bias has
(quasi-)converged and that the chosen CVs capture the relevant slow modes; other-
wise, orthogonal slow dynamics remain unsampled and the reconstructed free energy

may be biased.

3.1.2.2 Well-Tempered Metadynamics

To control the unbounded growth and oscillations of the bias in standard meta-
dynamics, the well-tempered formulation (WTMetaD) introduces a bias factor v =
(T + AT)/T > 1).[111]

As in standard MetaD, the history-dependent bias is written as a sum of Gaussians
deposited at regular intervals 7 (Eq. 3.4). However, in well-tempered metadynamics,
the Gaussian height is attenuated according to the bias accumulated locally in CV

space:

V(S(z(kT)), kT)

W(kt) = Wy exp|— ] : (3.6)

kg AT

Under mild conditions, the long-time bias converges to a scaled version of the
underlying free energy:

As in all CV-based methods, keeping the dimensionality d as low as possible,
while retaining the essential slow modes, facilitates repeated transitions and robust

free-energy estimation.

3.1.2.3 Parallel Tempering

Parallel tempering (PT), also known as replica exchange molecular dynam-
ics (REMD), is a widely used non—-CV-based enhanced sampling technique.[112]
Unlike methods relying on collective variables, which require the user to identify
suitable slow degrees of freedom, PT acts globally on the entire system. The basic
idea is to simulate in parallel N replicas of the system at different temperatures
{T1,Ts,...,Tn}. At fixed intervals, exchanges of configurations between adjacent

replicas are attempted and accepted according to a Metropolis criterion.[112]
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Given two replicas ¢ and j at temperatures 7; and 7;, with configurations x; and z;;

of potential energies U (z;) and U(z;), respectively, the acceptance probability reads
P(i — j) = min[1, exp(Awy) ], (3.8)

with

where 5 = 1/(kpT) is the inverse temperature.

At high-temperature replicas, energy barriers are more easily overcome, thus pro-
moting configurational transitions that would be extremely rare at the lowest tempera-
ture. The replica at the lowest temperature, 77, corresponds to the physical system of
interest and samples the canonical distribution, while benefiting from exchanges with

higher temperature replicas that broaden its sampling.

The efficiency of PT depends on the overlap between the potential energy distri-
butions of adjacent replicas. This is quantified by the acceptance ratio, i.e. the fraction
of successful exchanges over attempted ones. An optimal setup would ensure nearly
constant acceptance ratios across the temperature ladder, leading to efficient “round
trips,” defined as the time required for a replica to diffuse from the lowest to the highest
temperature and back. Since energy fluctuations grow with temperature, the temper-
ature spacing between replicas can be progressively increased along the ladder. A

geometric progression is often employed:
i—1

T ) ¥
Ti:Tmm<$) , i=1,...,N, (3.10)

where T, and T}« denote the lowest and highest temperatures, respectively.

Despite its robustness, PT can be computationally demanding because covering
a broad temperature range with sufficient overlap often requires a large number of
replicas. This practical limitation can be alleviated by combining PT with the well-

tempered ensemble, as discussed in the next paragraph.
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3.1.2.4 Well-Tempered Ensemble

The well-tempered ensemble (WTE) is obtained by applying WTMetaD to the
potential energy, i.e. by choosing the CV as S(x) = U(x). Using Eq. (3.7) with
S = U, the long-time bias reads

V(U,t = o0) = —<1—1> FU) + C, (3.11)
where the free energy in energy space is
FU) =U - B 'InNU) + C, (3.12)

with N(U) = [dR (U — U(R)) denoting the configurational density of states. By
integrating over configurations, the stationary energy distribution sampled in WTE is

a tempered version of the canonical one

1/
P (U) x [N(U)e—ﬂﬂ ' (3.13)
which corresponds to the partition function
_pU 1/~
z, = [dv [N(U)e ] . (3.14)

As a consequence, energy fluctuations are enhanced in a y-controlled manner, improv-
ing barrier crossing while preserving unbiased thermodynamics via standard reweight-

ing.

3.1.3 Maximum Entropy Integration of Simulations and Experi-

ments

Integrating molecular simulations with experimental data is a powerful way to
improve the predictive accuracy of computational models, especially for flexible and
heterogeneous systems such as IDPs and RNA. Among available strategies, the Max-
imum Entropy (ME or MaxEnt) formalism provides a rigorous framework that mini-
mally perturbs an MD-derived prior ensemble while enforcing agreement with exper-
imental observables. This is particularly relevant for flexible biological targets, where
preserving the ensemble nature is essential both for understanding their behavior and

for effective ligand design.
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In general, the entropy of a probability distribution P(q) relative to a given prior
Py(q) si defined as
P
stPal = - [ daPla) o4

o(q)

(3.15)

where ( is any set of continuous variables describing the system.

Given a set of experimental constraints s; ", the optimal posterior distribution
Pur(q) is obtained by maximizing the Shannon entropy relative to the prior Fy(q),
while reproducing the ensemble averages of the M measured observables and preserv-

ing normalization. This constrained optimization problem can be written as

(PME(q) = argmax S[P| P
P(a)
/dqsi(q) Pa) = (si(a)) = s;7, i=1...,.M (3.16)

\/qu(q) =1

where s;(q) is the ensemble average of M computed over P(q), The problem can

be solved by introducing Lagrange multipliers, searching for the stationary point of

the associated Lagrangian

2 = siP|R] - ZA ([ dasta p@ - &2) - [aarta - 1).
(3.17)

where ); and p are Lagrange multipliers. The functional derivative of .Z with respect
to P(q) is

0L P(q) -
5P Ro(q) Z%Si(q) — 1 (3.18)

Setting the functional derivative to zero, the posterior belongs to the exponential

family; up to normalization it reads:

Pygp(q) x e i=t Py(q) (3.19)
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In practice, it can be incorporate into MD simulation in different ways. It is possi-
ble to enforce the ensemble on the fly or to re-weight a posteriori the ensemble. In this
thesis, the second option will be used. For a molecular dynamics trajectory, consider

an ensemble of /N, structures. We assign a new weight to each configuration z; as

M
S A si()

w; X e =1 , (3.20)

and we normalize the weights so that Zi\il wy = 1.

Here s;(x;) is the value of the ith observable computed for structure z;, and A}

denotes the optimal Lagrange multipliers that minimize the following quantity:

M
N —E Ai () M
1 y ex
PA) = In| =) e = + ) AP 4 Ten(A). (3.21)

t=1 =1

The last term models experimental error, acts as a regularization that mitigates

overfitting, and is defined as

1—\err()\) = Z )\12 Ui2 ) (3.22)

=1

N[

M
where o; specifies the uncertainty associated with observable s;.

This framework has been applied in recent years to a broad spectrum of exper-
imental data, spanning CryoElectron Microscopy (Cryo-EM) density maps[116] to
Small-Angle X-ray Scattering.[88, 117, 118] In all these cases a forward model is
required to compute observables for each molecular configuration along the MD tra-
jectory. Such models are often empirical and of limited accuracy, which introduces
systematic errors in the calculated observables. This limitation, present for proteins,

is even more pronounced for RNA systems

After reweighting, only a subset of prior configurations contributes meaningfully
to the posterior ensemble. This concentration can be quantified by the Kish effective

sample size

s 2
K~ (Ze=w) (3.23)

N,
it wi
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With normalized weights, S7°, w, = 1, this reduces to K = 1/ 3 1, w?. Uniform
weights give K = N, while a distribution dominated by a single configuration gives

K =~ 1.

3.1.4 Mixed Solvent Approaches

In structure-based drug discovery (SBDD), identifying ligand-binding hotspots is
critical for molecular recognition and for prioritizing and optimizing bioactive com-
pounds. Since its introduction in 2009,[119] mixed-solvent MD has become a versa-
tile tool for early discovery, enabling binding-site detection and ligandability assess-
ment.[120] Its fully dynamic nature also facilitates the discovery of cryptic pockets
and allosteric sites, often missed by conventional approaches.[85, 121, 122] The re-
sulting interaction maps can guide lead optimization or feed downstream pipelines
(e.g., pharmacophore modeling and docking),[123—125] while explicitly characteriz-

ing solvent-mediated interactions and the role of water in binding.

The roots of mixed-solvent mapping trace back to Goodford’s GRID (1985), which
projected probe atoms onto a grid to locate favorable interaction regions (Figure 3.1A)
and laid the basis for Molecular Interaction Field (MIF) analysis [126, 127].

Figure 3.1. (A) Classical GRID approach: a cubic lattice surrounds the protein surface and nodes within 6 A
are colored according to probe type (DRY: hydrophobic, orange; N1: H-bond donor, blue; O: H-bond acceptor,

red). (B) Multiple-copy simultaneous search (MCSS) with benzene probes placed on the protein surface.
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GRID-like methods proved successful [128—130] but are limited by their static
treatment of flexibility and solvation, two determinants of druggability. [131] To ad-
dress these issues, Karplus and Miranker introduced MCSS (1991), placing multiple
non-interacting probes on protein surfaces (Figure 3.1B). [132] Variants combining
MCSS with Locally Enhanced Sampling extended the idea to MD, [133, 134] open-
ing the way to mixed-solvent (cosolvent) MD, where small organic probes in explicit

solvent dynamically explore biomolecular surfaces to reveal hotspots (Figure 3.2).
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Figure 3.2. Mixed-solvent MD simulations: small organic cosolvents are added to explicit solvent and moni-
tored during MD to map binding hotspots and cryptic pockets on biomolecules.

Despite their advantages, mixed-solvent MD simulations face potential difficul-
ties, such as probe aggregation, phase separation, or even target destabilization, which

may compromise the reliability of the analysis.[121] In the following paragraph, the
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foundations of the Shadow Mixed-Solvent Metadynamics (SHAMAN) will be dis-

cussed.

3.1.4.1 SHAdow Mixed-solvent metAdyNamics (SHAMAN)

Shadow Mixed-Solvent Metadynamics (SHAMAN) was designed to identify
small-molecule binding sites in dynamic RNA ensembles.[135] It integrates atomistic
MD with WTMetaD, employing a central “mother” simulation of RNA in explicit
solvent, complemented by multiple “shadow” replicas containing probes. The probe
set is user-defined; several probes have been extensively characterized by the de-
velopers. [135, 136] The RNA backbone in the shadows is restrained to the mother
trajectory, ensuring consistent probe exploration of the RNA surface and accelerating

convergence.

To enhance probe RNA sampling, WTMetaD[110, 111] is applied, biasing probe
center of mass coordinates. At the end of the simulation, the unbiasing weights are

computed as

3.24
FnT (3.24)

where Vi (S(Ry), t) is the well tempered metadynamics potential accumulated at the

VG(S(Rt)a ﬂ)

wy X exp(

end of the simulation ¢ and evaluated on the conformation R,.

After simulation, RNA conformations are clustered to obtain representative states.
Probe occupancies are converted into voxel-wise binding free energies (AG;) through
the Boltzmann inversion:

A N.
AGY™ = — kT In (—) , (3.25)
No

where kg is the Boltzmann constant, 7" the absolute temperature, N; denotes the probe
occupancy in voxel ¢, defined as the sum over all probe atoms of the normalized meta-
dynamics unbiasing weights (Eq. 3.24) over all simulation frames in which a given
atom is found within voxel ¢, and N, the expected counts in the absence of interac-
tions:

No = Tprobe Vool (3.26)

VMp

with V), p the total simulation volume, Vo, the volume of the voxels, and n,robe the

number of probe atoms.
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Voxels with highly negative AG; values indicate regions of high probe affinity,
which are subsequently clustered into candidate binding sites (SHAMAPs) that ag-
gregate signal across all probe types. These SHAMAPs are ranked by their relative
binding free energy (AAG,) and filtered based on solvent exposure to retain only

biologically relevant pockets.

The SHAMAN pipeline (setup, trajectory generation, clustering, free-energy map-
ping, and SHAMAP analysis) represents the first open-source framework for assessing
RNA druggability in dynamic ensembles. The shadow-replica mechanism has been
implemented in PLUMED,[137-139] freely available at https://www.plumed.org/.

3.2 Computational strategies for ligand screening and

prioritization

3.2.1 Theoretical Foundations of Molecular Docking

Molecular docking is a computational technique designed to predict the most prob-
able binding mode of a small molecule when interacting with a macromolecular tar-
get, such as a protein or RNA. The principal aim of docking is to provide a reliable
structural model of the ligand—target complex and to estimate the associated bind-
ing affinity.[140] This process relies on the physical and chemical complementarity
between the ligand and the binding site, and involves two essential components: a

search algorithm and a scoring function.

From a theoretical standpoint, docking can be conceptualized as an optimization
problem in a high-dimensional conformational space. The translational, rotational,
and internal degrees of freedom of the ligand are systematically or stochastically
explored to identify energetically favorable binding poses. Search algorithms used
in molecular docking can be broadly classified into two categories: systematic and
stochastic.[141, 142] Systematic approaches exhaustively cover the search space us-
ing deterministic rules but are computationally demanding. Stochastic methods, in-
cluding genetic algorithms, simulated annealing, and Monte Carlo sampling, intro-

duce randomness to enhance efficiency while maintaining sufficient coverage of the
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conformational landscape. More recently, hybrid approaches incorporating machine

learning have been developed to accelerate docking and improve accuracy.[143—145]

The second crucial component of docking is the scoring function, which estimates
the binding affinity of each candidate pose. Scoring functions are typically grouped
into three broad classes: force-field-based, empirical, and knowledge-based. Force-
field-based functions derive from molecular mechanics and compute non-bonded in-
teractions such as van der Waals forces and electrostatics, often including approximate
treatments of solvation and entropy. Empirical scoring functions combine weighted
terms fitted to experimental binding data, including hydrogen bonding, hydrophobic
contacts, and desolvation energies. Knowledge-based approaches rely on statistical
potentials extracted from large datasets of experimentally determined ligand—target

complexes, leveraging recurrent structural motifs observed in crystallographic data.

A significant limitation of most docking protocols lies in their simplified treatment
of molecular flexibility. Typically, the receptor is modeled as rigid or semi-flexible,
simplifying the calculation but compromising biological realism. Several advanced
methods attempt to address this constraint. Ensemble docking, for instance, employs
multiple receptor conformations obtained from molecular dynamics simulations or ex-
perimental structures to account for conformational heterogeneity. Induced fit dock-
ing (IFD) methods, such as those implemented in Glide,[146] iteratively refine the
protein—ligand complex by allowing limited receptor flexibility during the docking

process.

3.2.2 The RNAmigos2 Virtual Screening Pipeline

Beyond docking, numerous machine-learning methods have been developed to
predict ligand binding poses or affinities. Among these, RNAmigos2 stands out for its
performance on RNA targets. RNAmigos2 is a machine learning framework designed
to rank candidate ligands against RNA binding pockets by combining graph represen-
tations of RNA structure with learned molecular embeddings. [75, 147] Each RNA
structure is represented as a 2.5D graph (a 2D base-pairing graph augmented with lo-
cal three-dimensional features) that captures canonical and non-canonical interactions
according to the Leontis—Westhof classification,[148] and is invariant to global rigid-

body transformations. A graph neural network encoder, trained with self-supervision
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on unlabeled RNA substructures, converts this graph into a continuous vector repre-

sentation.

Ligands are represented as molecular graphs and embedded using a variational au-
toencoder pretrained on ChEMBL compounds. Two decoding heads are employed:
a compatibility head trained to distinguish native ligands from property-matched de-
coys, and an affinity head trained on a synthetic dataset of pose-independent docking
scores. During inference, the two scores are integrated to produce a final ranking that
can be applied to libraries containing up to hundreds of thousands of molecules within
second. [75] Because RNAmigos2 operates in a pose-free manner, its predictions can
be combined with downstream docking to refine the top-ranked compounds, thereby
reducing the overall computational cost, or used in parallel to explore complementary

regions of chemical space.

3.3 Unsupervised Machine Learning for MD simula-

tions

3.3.1 Dimensionality Reduction

MD simulations produce high-dimensional time-resolved data that describe the
atomic motions of biomolecular systems. While such simulations provide atomistic
detail, the large number of degrees of freedom often obscures the identification of
collective behaviors, long-timescale processes, and functionally relevant conforma-
tional changes. To address this challenge, dimensionality reduction techniques have
become essential tools for extracting interpretable features and simplifying the analy-

sis of complex trajectory data.[149, 150]

The general goal of dimensionality reduction is to map the original data, defined in
a high-dimensional space, onto a low-dimensional manifold while retaining as much
of the relevant structural or dynamical information as possible. In the context of MD
simulations, this allows the visualization and clustering of conformational ensembles,

the detection of slow collective variables, and the construction of reaction coordinates.

Numerous dimensionality reduction algorithms have been proposed, each

grounded in distinct theoretical formulations, ranging from linear algebraic pro-
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jections to probabilistic embedding schemes, designed to capture relevant features
of high-dimensional data. In the present thesis, and for methodological focus, only
the techniques directly employed in the following projects are described. These
include Principal Component Analysis (PCA), a linear method that projects the data
onto orthogonal directions of maximal variance, and t-Distributed Stochastic Neigh-
bor Embedding (t-SNE), a nonlinear approach that constructs a low-dimensional
representation by preserving local neighborhood probabilities derived from the

high-dimensional geometry.

3.3.1.1 Principal Component Analysis (PCA)

PCA aims to find a set of orthogonal vectors, referred to as principal components
(PCs),that define directions along which the variance of the data is maximized. Given
a dataset X € RV*P where N is the number of frames and D the number of features
(e.g., Cartesian coordinates, internal distances, or dihedral angles), the procedure con-

sists of the following steps:

1. The data matrix is centered by subtracting the mean of each feature, resulting in

a zero-centered matrix X.

2. The empirical covariance matrix is computed as

1 o s
C= NXTX. (3.27)

3. The eigenvectors and eigenvalues of C are then obtained by solving the associ-

ated eigenvalue problem.

By retaining only the top d < D eigenvectors corresponding to the largest eigen-
values, one obtains a projection matrix V. € RP*9 that allows the dimensionality-

reduced representation of the trajectory as

T =XV. (3.28)

This transformation allows the identification of dominant motions and facilitates

the visualization of conformational landscapes in reduced dimensions.
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3.3.1.2 t-Distributed Stochastic Neighbor Embedding (t-SNE)

Unlike PCA, which captures global variance, t-SNE is a nonlinear method that
aims to preserve the local structure of the data. It constructs a probability distribution
over pairs of points in the high-dimensional space, such that similar configurations
have high conditional probabilities of being neighbors. A corresponding distribution
is then defined in the low-dimensional space, and the embedding is optimized by min-

imizing their divergence.

Formally, the conditional probability that point j is a neighbor of point 7 in the

original space is

K
P = —=—2—, 3.29
7 Zk;ﬁi K ( :

where K;; is a Gaussian kernel applied to the distance between z; and x;. The per-
plexity parameter controls the effective number of neighbors by tuning the Gaussian

variance.

A symmetric joint distribution is then defined as

L PutPy
Pl-j:%. (3.30)

In the low-dimensional space, similarities between points y; and y; are computed

using a heavy-tailed Student’s t-distribution:

X+ lly —yil*)~

3.31
(Lt ok — wlP) T 631

Qij -

The embedding minimizes the Kullback-Leibler divergence between the two dis-

tributions:

L(P|Q) =) _ P, log Q (3.32)
i#£] gl

using gradient descent.

3.3.2 Clustering

Clustering of MD trajectories provides a fundamental strategy to transform the

very large set of raw configurations into an ensemble of structurally representative
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states. This reduction is essential for two complementary reasons. First, it reduces
the computational burden associated with downstream analyses, whose complexity
increases with the number of frames. Second, it enhances statistical interpretability
by assigning explicit populations to clusters that can be related to metastable regions
on the underlying free energy surface. In the following, three widely used clustering
algorithms in MD are reviewed: K-means, the RMSD cutoff clustering introduced by
Daura et al.,[151] and Quality Threshold clustering.[152, 153]

K-means K-means partitions the set X = {x;}Y¥, of molecular conformation,
where each of them is represent by a d-dimensional vector, into & disjoint clusters
¢j, j = 1,...,k. The objective is to minimize the within-cluster sum of squared
Euclidean distances .

J=3 > Ixi—ml, (3.33)

J=1 x;€%]

where p; denotes the centroid of cluster ;. The Lloyd—-MacQueen procedure alter-
nates assignment and update steps until J converges within a tolerance on its relative
variation. Centroid initialization strongly influences convergence. Algorithmic com-
plexity scales as & (N kd) per iteration, which remains tractable after prior dimension-

ality reduction through time-lagged independent component analysis.

Cutoff clustering by Daura The clustering method introduced by Daura et al.[151]
is based on a cutoff in the distance matrix, originally defined on the backbone RMSD.
Let D denote the pairwise distance matrix, with elements D;; = RMSD(x;, x;). For
a defined cutoff distance d., a binary adjacency matrix is introduced as

1 if D;; <d.,

0 otherwise,
where A;; indicates whether structures 7 and j are neighbors. For each configuration

X;, the neighbor count is
N

ni=» Ay (3.35)
j=1
At each iteration, the configuration with maximal neighbor count is chosen as the
cluster center,

i* = arg maxmn;, (3.36)
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and together with its neighbors defines a cluster. These frames are removed from
the pool and the procedure repeats until exhaustion. Frames with no neighbor within
d. form singleton clusters. Computational demand scales as &'(N?) to build D.The
method does not require predefining the number of clusters, but instead relies on a
physically interpretable threshold. This preserves the intrinsic heterogeneity of the
conformational ensemble, although kinetically distinct states may be merged when

their structural dissimilarity lies below d...

Quality Threshold clustering Quality Threshold (QT) clustering[152, 153] seeks
clusters of maximal size whose internal diameter does not exceed a given cutoff d;,..
Given the pairwise distance matrix D, the diameter of a candidate cluster € is defined

as
diam(%’) = max D;;. (3.37)

1,jEC

For each seed 7, the set of neighbors within d,;,,, is enumerated:

N ={j | Dij < duax}- (3.38)

Among all candidate sets ./#; satisfying diam(./4;) < dy,ax, the one with largest cardi-
nality is selected,
¢ = arg max | A7, (3.39)

and its members are removed from further consideration. The process iterates until no
further cluster larger than a singleton can be formed. By construction, every cluster
has maximal diameter bounded by d,,.., and the method is deterministic for a fixed
dmax. The principal drawback of QT is its high computational cost, though pruning
heuristics reduce the average complexity. The method avoids imposing an arbitrary
number of clusters and ensures uniform structural quality, at the expense of reduced

scalability.



4 From Proteins to RNA:
Comparative Analysis of Ligand

Binding Determinants

As discussed in the Introduction, Chapter 1, RNA performs several functional
and regulatory roles across cellular processes, which motivates therapeutic strategies
that act directly on RNA (See Section 1.2). Here we deliberately narrow the focus
to small molecule approaches,[33] which leverage medicinal chemistry optimization
to tune pharmacodynamic and pharmacokinetic properties.[65] Recent advances and
case studies, among them the approval of Risdiplam[57] and earlier precedents such
as Linezolid,[154] sustain the interest in this route.[4, 33, 53, 155-161] At the same
time, most RNA targeting small molecules reported so far originate from phenotypic
screening rather than from structure based design,[33, 57] which underscores the need

for a deeper mechanistic understanding of RNA recognition by drug like ligands.

Several features of RNA complicate the discovery of selective binders. The dense
anionic backbone limits the formation of deeply hydrophobic sites,[158] and the
chemical variability is less enhanced than in proteins.[162] Many RNAs are best
represented as conformational ensembles with pronounced dynamics,[67] which
challenges the classical techniques to obtain three dimensional structures of RNA
ligand complexes and the direct transfer of structure based design practices from the
protein field. Nevertheless, highly folded RNAs can form cavities reminiscent of
protein pockets and can undergo ligand induced rearrangements.[33, 158, 163, 164]
Concentrating on these classes, including riboswitches and ribozymes, is therefore
a promising strategy. In this context, the integration of experiments and molecular
simulations has proved effective both for characterizing ensembles and for diagnosing

force field limitations that impact predictive modeling.[23, 84]

These constraints do not preclude rational design, but they require approaches that
can accommodate flexibility, solvent exposure, and limited chemical diversity. Within
this context, computational methods constitute a central component of modern discov-

ery programs.[61] Molecular docking provides rapid exploration of putative binding
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modes and prioritization, originally developed for proteins and increasingly adapted
to RNA targets through revised protocols and scoring functions.[34, 50, 165-167]
Molecular dynamics complements docking by resolving conformational heterogene-
ity and by offering mechanistic insight into binding, site discovery, and population
shifts.[86, 122, 168—179] In the RNA domain, applications have mainly addressed en-
semble reconstruction and force field assessment, with fewer examples directly aimed
at ligand discovery.[68, 180, 181] This gap motivates a careful comparison between

protein and RNA systems under controlled conditions.

In this chapter we therefore investigate how a single ligand engages two molecular
contexts, a protein target and an RNA target. We select riboflavin as the common
ligand, and study riboflavin kinase (RK) and the flavin mononucleotide riboswitch
(FMN) as representative systems that bind the same chemical entity.[182, 183] This
design controls for the intrinsic properties of the ligand and highlights the contribution
of the binding environment. Our analysis addresses three interrelated questions. First,
how do the conformational ensembles of the two targets differ in the regions relevant
for recognition, and how do these differences modulate accessible binding modes.
Second, what is the quantitative role of electrostatics in shaping the interaction pattern
and the effective complementarity in the binding site. Third, how do ligand dynamics
and water dynamics within the pockets contribute to stability and selectivity, including

possible signatures of solvent reorganization concurrent with ligand binding.[184]

The remainder of the chapter is organized around these questions. We begin by
presenting the systems and the structural context of recognition, then analyze the con-
formational space explored by each target, and finally examine interaction patterns and
solvent behavior in the binding sites. This progression allows us to delineate common
principles and system specific features that are relevant for structure based discovery
on RNA, while maintaining a direct comparison with the protein benchmark. The

systems considered are shown in Figure 4.1, with riboflavin highlighted for reference.
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Figure 4.1. Systems considered in this study: (A) the riboflavin kinase (PDB ID INB9 [182]) and (B) the FMN
riboswitch (PDB ID 3F4G [183]). The protein and RNA molecules are shown in the NewCartoon representation
of the Visual Molecular Dynamics (VMD) software, [185] while the riboflavin ligand is displayed in licorice
(with ligand carbon atoms highlighted in green). The two biomolecules are shown in scale. In the corresponding
panels below, we report details of the (C) protein- and (D) RNA-ligand interactions in the crystal structures,
with hydrogen bonds and m — 7 stackings shown as dashed lines in yellow and purple, respectively. The
interacting residues from the target are labeled and are shown in licorice. In the RF kinase catalytic site (C),

the ADP is shown in licorice, while the magnesium ion is shown in green.
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4.1 Methods

4.1.1 System Setup and Simulation Protocol

Initial structures for each biomolecule were obtained from the protein data bank
(PBD ID 1NB9 [182] and 3F4G [183] for the kinase and riboswitch structure, respec-
tively). The unbound states were obtained by removing the original ligand. All the
structures were preliminarily processed using the Protein Preparation Wizard mod-
ule of the Schrodinger suite.[186, 187] In particular, missing side chains were filled
with Prime,[188] and the protonation and tautomeric states of residues at pH 7.0 were
assigned with Epik. [187, 189] Simulation boxes were constructed using the stan-
dard Ambertools [190] and GROMACS modules by solvating the systems with OPC
waters[191] and adding a 100 mM concentration of KCl. The KCIl concentration
was chosen according to the experimental conditions that are often used to study ri-
boswitches [52, 165, 192, 193] and that were used to measure the affinity (KD) of the
riboflavin ligand for the FMN riboswitch. [183] The same was used for the RF kinase
for consistency. The AMBER force field was used for protein (ff19sb)[194] and RNA
(OL3), [195] the OPC [191] model was used for water molecules, and the parameters
for magnesium were taken from Villa et al. [196] The RESP scheme [197] was ap-
plied to parametrize both the riboflavin in its neutral state, as predicted by Epik, and
the ADP, using Gaussian 16 [198] for computing the molecular electrostatic potential.
van der Waals and electrostatic interactions were truncated at 12 A, while long-range
electrostatic interactions were treated with the particle-mesh Ewald method using a
grid spacing of 1.6 A. Minimization of each system was performed with 5000 steps
of steepest descent. The equilibration was carried out for each of the systems for a
total of 1.15 ns, comprising gradual increase of the temperature to 300 K and equili-
bration of pressure at 1 bar. Production runs were performed in the NPT ensemble.
The GROMACS 2021.3 [199-201] MD engine was used for all the simulations with a
time step of 2 fs and the LINCS algorithm to costrain bonds. [202] The Nosé—Hoover
thermostat [203] was used to control the temperature at the reference value with a
time costant for coupling of 1 ps, while constant pressure was maintained at 1 bar
using the C-rescale barostat [204] with a time costant of 0.5 ps. For each of the two
systems, three independent runs of 1 us were performed in the bound and unbound

states, amounting to a total simulation time of 12 ps.
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4.1.1.1 Water Relaxation Time

We estimated water residence time in the riboflavin binding sites using a survival
probability (SP) function, which quantifies the relaxation time of the water molecules
inside binding pockets. Specifically, SP measures the probability that a group of parti-
cles, herein the water molecules, will remain in a specified region, herein the hydration

shell of the binding cavity, for a certain amount of time t, and is defined as

) T—
SP(t;r Z Z (to, to + t; 1) (4.1)

In the above formula, 7 is the total simulation time, while N,,(r) is the total num-
ber of water molecules, which is in turn a function of the radius of the hydration shell
r [205-208] centered on the binding site. P;(to, to + ¢;t*) is an indicator function that
equals 1 if the jth water molecule found within the hydration shell at time ¢, has not
left after a certain lag time ¢ (i.e., in the time period between ¢, and ¢y + t), except
for a time t* < (to + t), and equals O otherwise. In our analyses, we considered
a hydration shell with radius 10 A centered in the binding pockets of both systems.
To capture fine water dynamics with high statistical significance, we computed S P on
MD trajectories saved every S ps. The calculation of S P was achieved via the Survival
Probability module of the MDAnalysis package. For the calculation, we explored lag
time values up to 1000 ps, and set t*, referred to as intermittency in the MDAnalysis
implementation, to 10 ps. The trend of the SP function gives information about the lo-
cal dynamics of water in the macromolecules’ hydration shell, which herein encloses
the binding sites. In particular, fitting the data with exponential functions allows com-
puting the residence time 7 of the water molecules. [205, 209, 210] Depending on the
nature of water dynamics in the hydration shell, the time decay of the SP can be better

approximated by a single exponential

SP(t;r) = Ae™!/" (4.2)

or a double exponential function:
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SP(t;r) = Ae™"/Ms 4 Be !/ Tow (4.3)

In the latter case, Tfqs: and 74, are short and long time decay constants, in-
dicating a dual lifetime regime for water molecules, such as a fraction of solvent
molecules staying within the hydration shell for prolonged periods of time and an-
other entering and egressing rapidly.[205, 206] A stretched exponential function (or
Kohlrausch—Williams—Watts, KWW, function) can also be used[205, 210]

SP(t;r) = Ae= /" (4.4)

where the stretching parameter (3 reflects the extent of nonexponential nature of
the phenomenon. However, the interpretation is not straightforward as that of a single
or double exponential. Nevertheless, it can provide a valuable estimate of the time
scale over which the process evolves. Indeed, the diffusion of solvent molecules can
be more complex than the description via single or double exponentials, as it may
include multiple relaxation rates and may be better characterized by a distribution of

rate constants.

4.1.1.2 Electrostatic Contribution to the Binding Free Energy

We estimated the electrostatic contribution to the binding free energy of the ri-
boflavin ligand in both the RF kinase and FMN riboswitch systems. The electrostatic
component to the binding free energy for a target-ligand system in a water buffer

(AGf,lifl’jf;g) can be computed according to a thermodynamic cycle as shown in Figure
4.2.
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Figure 4.2. Schematic representation of the thermodynamic cycle considered for the calculation of the elec-
trostatic contribution to the binding free energy. A generic ligand and biomolecular target are shown, with the
top row indicating the binding process in vacuum, while the bottom row represents the event in solution. The
arrows are labeled with the corresponding term.

Following the scheme of the thermodynamic cycle, we can write

AGele,solV + AGele,so]V 4 AGele,solv o AGele,solv o AGele,vac =0 (45)

target ligand binding complex binding

from which we can determine the electrostatic component to the binding free en-

ergy for a target-ligand system in a water buffer as

ele,solv __ ele,solv ele,vac ele,solv ele,solv
AGbinding - AGcomplex + AC;1bir1ding - (AGtarget + AC;1ligand ) (46)
ele,solv

In this way, the calculation of AG is decomposed in three main steps, where

binding
ele,solv +

(i) the isolated target and ligand in vacuum are transferred in solution (AG e

AGﬁlge(;fng), (i1) the formed target-ligand complex in vacuum is transferred in solution
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(AGELG&TSSXL and (iii) the target-ligand complex is formed in vacuum (AGﬁlif;dVifg). Each
of the AGs in the right-hand side of the above equation can be determined from dif-

ferences between electrostatic contributions in the different media (vacuum or water
buffer)

AGele,solv _ (Gele,solv . Gele,vac ) + (Gele,vac . (Gele,vac + Gele,vac))

binding ~ complex complex complex target ligand
le,sol 1 le,sol 1 (4.7)
e€le,solv ele,vac €le,solv ele,vac
- (Gtarget - Gtarget ) + (Gligand - G]igand)
where GV is the electrostatic energy of the species (target, ligand, or complex)

evaluated in a water medium, and G®** is the electrostatic energy of the species

ele,solv

(target, ligand, or complex) evaluated in vacuum. Simplifying the equation, AGy; i,

can be obtained as

AGele,solv — Gele,solv _ (Gele,solv + Gele,solv) (48)

binding complex target ligand

Each of these three terms was estimated on a pool of structures sampled from the
MD simulations, selected through a cluster analysis procedure to represent as much
as possible the conformational space explored. To this end, the k-means clustering
algorithm was performed on a low dimensional embedding (see Section 3.3.1) de-
rived from the distances between residues in the binding pockets (selected from be-
ing in close proximity to the ligands). Thus, the centroids from the first 15 most
populated clusters were used in the estimation of the electrostatic contribution to the
binding free energy. All the electrostatic calculations were performed by solving the
linearized and nonlinearized Poisson—Boltzmann equation, for the protein and RNA
systems respectively, through the software Delphi version V5.1 [211] patched with
NanoShaper. [212] Delphi takes as input PQR files (i.e., modified pdb files, that con-
tain also information about atom partial charge, Q, and radius, R), which we prepared
using the radii and the charges reported in the force fields used in the MD simulations
(i.e., ff19sb for the protein, OL3 for RNA, and GAFF2 for the ligand). The dielec-
tric constant describing the water medium was set to 80, while a value of 2 was used

to describe the electronic polarizability of the protein interior. An ionic atmosphere
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of 100 mM of monovalent salt was considered, and the linearized and nonlinearized
Poisson—Boltzmann equations were solved at the temperature of 298 K. Averages for
the two systems were computed considering the respective cluster populations, and
associated errors were estimated via bootstrap over the 15 values with 500 iterations.
The energy extracted from DelPhi calculation includes the polarization contribution,
due to the jump in dielectric constant from the solute and the solvent, and the ionic
contribution, due to the ionic atmosphere surrounding the solute. In the case of the
nonlinearized equation, also the electrostatic stress and the osmotic pressure terms are
accounted for. In the Poisson-Boltzmann model, the energy is a free energy since it
derives from averaging over all the solvent degrees of freedom assuming the canonical
ensemble. A further averaging is then done over different conformations coming from

the molecular dynamics simulation. A 2 A Stern layer was used in the calculations.

4.2 Results and Discussions

In this study, we compare central features for target-ligand binding in protein
and RNA targets of pharmaceutical relevance. To this end, we perform MD simu-
lations and apply computational analyses that are established in MD simulations of
protein—ligand systems but have found less to no application in the emerging realm
of RNA molecules. We focus on major issues in the drug discovery context, includ-
ing the conformational dynamics of the biomolecular targets, the role of electrostatics
in target-ligand binding, and the dynamics of ligand and water molecules within the
binding sites. We take the riboflavin (RF) kinase enzyme and the flavin mononu-
cleotide (FMN) riboswitch as case studies of protein and RNA targets, respectively
(Figure 4.1). The RF kinase belongs to the well-known class of protein kinases, a pro-
totypical and historical protein family within the drug discovery community, which
has long been approached to identify potent and selective small molecule modula-
tors. Conversely, the FMN riboswitch is a highly conserved RNA motif in bacteria,
which has gained remarkable attention as a promising pharmaceutical target for the
development of antibiotics. [213] Given its highly complex and stable folding, that
allowed characterization of the 3D structure via X-ray christallography, [183] and its
natural disposition to bind metabolites, this riboswitch displays ideal prerequisites for

establishing rational drug discovery campaigns. Indeed, Merck has designed a small
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molecule targeting the riboflavin binding site in the FMN riboswitch, and the com-
pound is currently at the preclinical stage. [4, 213] Riboflavin is the natural ligand of
both RF kinase and FMN riboswitch, thus providing a common ground for comparing

relevant features underlying target-ligand binding in these diverse macromolecules.

4.2.1 Enhanced Conformational Flexibility in RNA without Ap-

preciable Pocket Volume Variation

A thorough characterization of the structural dynamics of biomolecules is of
paramount importance to understand their functioning. Furthermore, in the case of
pharmaceutical targets, this can be crucial to identify fundamental features associated
with ligand binding. For instance, assessing structural changes, e.g. by means of the
RMSD, between bound and unbound states of a drug-target system can be informa-
tive about stabilizing effects induced by the presence of the ligand. Herein, for both
the RF kinase and FMN riboswitch, we observed an average RMSD on the whole
structure ranging between 2.5 and 3 A in both the ligand-bound and unbound states
(Figure 4.3A, see Figure B.1 for timeseries). This indicates that the overall folding
was maintained by both systems during the MD simulations in the ps time scale,
independently from the presence of the riboflavin ligand. Nevertheless, the individual
profiles in the four simulated systems demonstrated some noticeable differences.
In the case of riboflavin-bound RF kinase, the RMSD shows a narrow distribution,
which becomes slightly wider and tends to bimodality in the unbound protein. This
suggests that the presence of the ligand may promote stability of the overall structure,
as also confirmed by inspecting the root-mean-square fluctuation (RMSF, Figure
B.2). Interestingly, the same behavior is conserved and more marked in the FMN
riboswitch. However, regardless of the presence of the riboflavin, the distributions of
the RMSD in the FMN riboswitch are appreciably broader, demonstrating a global
conformational flexibility that is enhanced in the RNA molecule with respect to RF
kinase. Looking at the timeseries, a peak could be observed in the bound FMN
riboswitch between 400 and 500 ns, which occurred once in only a single replicate.
This was due to a transient interaction between the ends of the strands (see Figure
B.1), further demonstrating the significant structural flexibility allowed for the RNA

structure despite a high level of folding achieved through its complex tertiary structure
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(see 3D structure in Figure 4.1B).
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Figure 4.3. (A) RMSD of the RF kinase and the FMN riboswitch with respect to the starting structure of the

MD simulations. The RMSDs were computed on the macromolecule heavy atoms and are shown as probabil-

ity distributions by aggregating data from the three MD-simulation replicates performed on both ligand-bound
(RF kinase B, FMN ribo B) and unbound systems (RF kinase U, FMN ribo U). (B) RMSD of riboflavin in the

ligand-bound simulations with respect to the starting structure of the MD simulations. The RMSD, shown as

probability density distribution, was computed after optimal alignment on binding pocket atoms with lowest

root-mean-square fluctuation during the MD simulations. C) Superposition of the most populated configura-

tions in the MD simulations (colored structures in green, purple and red, in decreasing cluster population order)

with the corresponding one in the crystal (white structure, including the surrounding targets in transparent New-
Cartoon representation), for the riboflavin ligand bound to the RF kinase (left panel) and the FMN riboswitch

(right panel).

Focusing on riboflavin in the target-ligand complexes, we observed a variable con-

figurational space accessible to the ligands in the two biomolecular targets. In partic-

ular, we found remarkably higher RMSD values for the ligand in compex with the
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RF kinase compared to the complex with the FMN riboswitch (Figure 4.3B, see Fig-
ure B.3 for timeseries). Interestingly, the RMSD distribution was broader in the RNA
target, suggesting that a wider variety of configurations were accessible, but all closer
to the reference, if compared with the RF kinase complex. In particular, looking at the
timeseries, we noticed that the higher RMSD displayed in the protein complex was
subsequent to the loss of interactions in the hydroxylic tail of the ligand with the mag-
nesium atom in the binding pocket. This can also be noticed by visually comparing
the most populated clusters (Figure 4.3C), where the centroid in the RF kinase com-
plex exhibits major difference in the orientation of the hydroxylated tail, while the one
in the FMN riboswitch has most of the difference due to rigid traslation of the ligand
inside the pocket. The structural dynamics of the residues comprised in the binding
pocket can also play a remarkable role in the binding process. To highlight local con-
formational rearrangements in proximity of the riboflavin binding site, we focused on
a subset of distances, namely those between residues belonging to the pockets (see
Section 4.1). Thus, we applied dimensionality reduction approaches to characterize
the states visited in the MD simulations. We tested both linear and nonlinear meth-
ods, namely the well-known principal component analysis (PCA) and the more recent
t-distributed stochastic neighbor embedding (t-SNE), respectively. While PCA has
found historical application in the analysis of MD trajectory data and has become of
routine use nowadays,[214] the exploitation of t-SNE on MD data is rather recent.
The latter approach is particularly suited to disentangle complex manifolds associated
with high-dimensional data, where correlations possibly vary in a nonlinear manner.
Thus, t-SNE might be particularly suited to deal with MD trajectory data, such as MD
simulations of biomolecules displaying high flexibility and complex structural dynam-
ics. Indeed, very recently t-SNE has demonstrated to be effective in characterizing the
conformational space explored by a selected set of intrinsically disordered proteins
(IDPs), a notoriously challenging class of proteins in this respect.[215] Thus, we en-
visage promising potential in the study of RNA molecules, which pose comparable
challenges from the computational standpoint.[34] We performed the dimensionality
reductions on the MD simulation data of all four systems (RF kinase and FMN ri-
boswitch, both in the ligand-bound and unbound states), using as input features the
distances between residues comprised in the binding pockets. In the RF kinase, the

distribution in the low dimensional space obtained with PCA was highly crowded and
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partially overlapped between the ligand-bound and unbound simulations (Figure B.4).
While this indicated that the conformational space sampled by the residues in the two
cases was comparable to a certain extent, it was not possible to discriminate distinct
conformations of the pocket. Conversely, in the FMN riboswitch there was a clearer
separation between the simulations in the two states, and few clusters were visible
(Figure B.4). Interestingly, this indicated that for both the protein and RNA targets,
the binding pockets explored distinct regions of configurational space in the ligand-
bound and unbound states, and this behavior was consistent in the three replicates of
simulation for each case. This suggested that the presence of the riboflavin in the
binding sites has the effect of noticeably reshaping the conformational preference of
the pocket, with a sharper effect in the FMN riboswitch. Besides these considera-
tions, on the whole, the results from the PCA were not particularly informative, as
also quantified by the relatively low cumulative explained variance by the first two
PCs (about 40% and 50% for the kinase and the riboswitch, respectively). Conversely,
the crowding effect observed from the PCA analyses was remarkably attenuated by

t-SNE, which had a better performance in separating clusters of conformations (Fig-
ure 4.4).
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Figure 4.4. t-SNE space for (A) the RF kinase and (B) the FMN riboswitch, both in the ligand-bound and
unbound states. The low dimensionality spaces were generated using as input features the minimum distances
between residues within the protein and RNA binding sites. Contour lines are the kernel density estimation of
the point distributions and better highlight regions of overlap between the ligand-bound and unbound systems.
Colored stars indicate the location of ligand configurations in the clusters shown in Figure 4.3, using the same
color code.
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The projections obtained with t-SNE have the property to preserve the local neigh-
borhood information, thus favoring a more straightforward interpretation of the con-
formational heterogeneity in each cluster and possibly highlighting variations associ-
ated with ligand binding. Indeed, the overall picture reported by PCA was maintained,
but the separation between different conformations of the pockets was remarkably im-
proved through t-SNE. Interestingly, by highlighting the three most populated clusters
of the ligand configurations in the binding site reveals that these belong to clearly
distinct regions in the t-SNE space. In other words, different ligand configurations
stabilize diverse pocket conformations, and the t-SNE approach was sufficiently sen-
sitive to the input features (distances between residues) to detect such different states
of the pocket. It is interesting to note that the sharp separation in the t-SNE space
between the ligand-bound and unbound conformations of the pocket in the FMN ri-
boswitch does not correspond to significant variation in the pocket volume (Figure
4.5B,D), which has a rather peaked and overlapping distribution (mean = 637 A3 and
590 A3, and stdev = 78 A3 and 104 A3 for the bound and unbound states, respectively).
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Figure 4.5. Distributions of the pocket volumes explored during the MD simulations of the (A) RF kinase and
(B) FMN riboswitch, both in the bound and unbound states. In the bottom panels C) and D), the surfaces of
the pockets for the different systems are also shown, color coded consistently with the corresponding panels A)
and B). In C), the left panel has colored target structure and pocket surface for the unbound state of the protein,
with the target structure in the bound state in white for comparison, while the right panel has colored target
structure and pocket surface for the bound state, with the target structure in the unbound state in white. The
same scheme is followed in D) for the RNA target. The displayed snapshots correspond to trajectory frames

with pocket volumes closest to the average values observed in the simulations.

This indicates that the volume of the pocket is poorly sensitive to the conforma-
tions accessible by the binding site, and the RNA molecule is able to experience ap-
preciable conformational rearrangements within the binding site while preserving the
size and overall architecture of the cavity. Additionally, this is intuitively in contrast
with the enhanced flexibility displayed by the structure of the whole RNA molecule
(see RMSD distribution in Figure 4.3). Conversely, the volume range covered by the
binding site in the RF kinase was significantly wider. In particular, the distribution
of the volume was remarkably different in the ligand-bound and unbound cases, with

the former adopting larger values on average (mean = 836 A3 and 533 A3 and stdev
=157 A® and 269 A? for the bound and unbound states, respectively). While com-
pared to the FMN riboswitch, the volume distribution was broader in both cases; in
the unbound RF kinase, it was almost uniform over the spanned range, highlighting a
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conformational exploration with no particular preference. Differently, a well-defined,
narrower and Guassian-like distribution was observed in the simulations of the ligand-
bound system. This comparison is interesting, as it suggests how the presence of the
ligand is able to restrict the conformational dynamics of the binding site and stabilize
specific conformations. Such a divergent behavior between RF kinase and the FMN
riboswitch can be attributed to both the different location and the biological role of
the pockets in the two investigated systems. On the one hand, the more conserved
volume of the pocket observed in the case of FMN riboswitch with respect to RF ki-
nase underscores the ability of RNA structures to form sizable pockets that might be
druggable. On the other hand, the enhanced conformational space might represent a
challenge for conventional computational methods used in drug discovery that take
into account only partially the conformational flexibility of the target. The known
flexibility of the RNA structure is seen as a major challenge for RNA-targeted drug
discovery, as it may be difficult to take into account, for instance by selecting repre-
sentative RNA conformations. This reasonably holds true for smaller RNA molecules,
such as single stranded RNAs or short stem-loop motifs, which are indeed highly chal-
lenging to treat with conventional rational drug design approaches (mostly because
they typically do not form clearly identifiable and stable binding sites). Neverthe-
less, the case of the FMN riboswitch studied herein showed how, notwithstanding a
clearly appreciable structural flexibility of the RNA as a whole, the architecture of the
ligand binding site was overall rather maintaned, while experiencing noticeable con-
formational rearrangements between the ligand-bound and unbound states. We note
that in this case the FMN riboswitch binding site demonstrated even a higher stability
with respect to RF kinase, and protein kinases represent well-known and tractable sys-
tems, though challenging in terms of selectivity. While these aspects are not sufficient,
they nevertheless represent necessary prerequisites to establish rational drug discov-
ery campaigns. The considerations herein may be highly system specific; however,
they provide a first indication on the feasibility of RNA-targeted drug discovery via

standard computational means.

4.2.2 Comparable Electrostatic Contribution to Ligand Binding

Having investigated the structural and dynamical behavior of the two systems,

looking both at the overall structure and with emphasis on the binding site, we then
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inspect the electrostatic properties of target-ligand binding. In particular, we focus
both on the electrostatic features of the targets and on the electrostatic contribution
to the binding free energy. Notably, electrostatics is a key factor in shaping short-
and long-ranged interactions and has been proven to provide a significant contribution
to drug binding in several cases. [216-219] RNA molecules are rich in negatively
charged phosphate groups, and RNA nucleotides display relatively limited chemical
variability compared to protein amino acids. This may result in nonobvious electro-
static profiles when it comes to ligand binding. Thus, since the RF kinase and the
FMN riboswitch are bound by the same ligand, riboflavin, we investigated the differ-
ences in their binding to the same small molecule. We therefore first computed the
electrostatic potential of the targets in implicit solvent (Figure 4.6, upper panels), as
implemented in the DelPhi software (see Section 4.1). As the figure shows, we ob-
served a more pronounced negative electrostatic potential, broadly distributed over the
FMN riboswitch surface. This was expected, and it is primarily due to the presence
of the phosphate groups on the RNA backbone. In contrast, the RF kinase exhibited
an overall electrostatic potential that was more balanced, showing regions of both lo-
cally concentrated and depleted charge density. Interestingly and consistently, these

considerations on the two systems held true also in the two binding-site regions.
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Figure 4.6. Electrostatic analysis on the RF kinase and the FMN riboswitch systems. The surface represen-
tation of the most populated cluster for the (A) protein and (B) RNA complexes is colored according to their
electrostatic potential. The color scale is consistent for the two systems and ranges from —10 kgT'/e (red)
to +10 kgT'/e (blue). The bound riboflavin ligand is shown in licorice, with its carbon atoms highlighted in
green. Below each system, we report the cluster population (upper panel) and the corresponding electrostatic
component to the binding free energy in an implicit water buffer (lower panel, expressed in kgT'/e).

To further obtain a more quantitative picture relative to ligand binding, we com-
puted the electrostatic contribution to the binding free energy for riboflavin in complex
with the two biomolecular targets (Figure 4.6, lower panels). To include possible local
rearrangements of both the ligand and the surrounding residues in the targets’ binding

pockets, we repeated the calculation on representative conformations from our MD
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simulations, which we selected through a cluster analysis procedure. The results of
our calculations averaged over these representative conformations are (59.6+2.2) kg7’
and (69.1 + 3.0) kgT for the RF kinase and the FMN riboswitch, respectively, con-
sidering the respective cluster populations. Notably, the two systems displayed an
overall similar contribution. This was unexpected, particularly considering the differ-
ent electrostatic potentials displayed by the two target macromolecules. The value of
the electrostatic contribution was slightly lower for the RF kinase system. Interest-
ingly, this can be reconciled with the different affinities reported for the ligand toward
the two biomolecular targets. Previous studies in the literature report Kp ~ 40 uM
for riboflavin binding to the FMN riboswitch [183] and a Kp ~1 M for binding to
RF kinase, [220] indicating that the ligand displays higher affinity for the protein. We
note that the latter /K was measured on a bacterial RF kinase, while the present study
focused on the human enzyme. Nevertheless, the two forms display high similarity
in the RF kinase binding site (74%, see the B.1), suggesting that, in first approxima-
tion, we can reasonably consider this affinity approximately valid also for the human
enzyme. Another remarkable aspect was that the electrostatic contribution was unfa-
vorable in both cases. This suggests that the driving force for riboflavin binding to the
two targets should be found elsewhere, for instance in nonpolar interactions and/or

indirect polar interactions.

4.2.3 Distinct Pattern of Hydrogen Bonds and Ligand Conforma-

tions

The conformational space accessible to ligands inside binding sites and the pos-
sibility to establish multiple interactions with pockets’ residues are remarkable as-
pects that can affect both thermodynamics and kinetics of the binding process. Within
such a picture, the role played by water molecules can be of paramount importance,
ranging from ligand and pocket (de)solvation to mediation of target-ligand specific
interactions. As already discussed, a comparison of the conformational flexibility dis-
played by the riboflavin ligand in the RF kinase and FMN riboswitch binding sites
from our MD simulations revealed that the ligand was less stable inside the FMN
riboswitch binding pocket (broader RMSD distribution, see Figure 4.3B), despite re-

maining closer to its initial configuration with respect to the RNA. This observation
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can be further corroborated by inspecting the detailed network of ligand-target con-
tacts and the internal degrees of freedom explored by the riboflavin ligand. Among the
possible interactions, we focus in particular on hydrogen bonds, which explain most

of the enthalpic contribution of drug-target binding in many cases.
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Figure 4.7. (A) Occurrence of hydrogen bonds formed by the riboflavin ligand with the RF kinase (leftmost
panel) and the FMN riboswitch (rightmost panel) during the MD simulations. For each riboflavin heteroatom
(central structure, only heavy atoms displayed and heteroatoms annotated with atom names), the two plots
report the percentage occurrence of hydrogen bonds, highlighting the fraction where the atom acts as a donor
or acceptor. (B) Polar plots of the dihedrals in the riboflavin flexible tail (see the annotated structure in (A) for
schematics). The central panel reports dihedral values computed from the MD simulation of riboflavin in water
(gray points). In the leftmost and rightmost panels, these values are overlapped with the ones computed from
the simulations of riboflavin in complex with the RF kinase (blue points) and FMN riboswitch (orange points),
respectively.

In the RF kinase, the formation of hydrogen bonds was distributed over the whole
structure of the ligand and occurred for a significant fraction of simulation time, with
most of the ligand heteroatoms mainly acting as acceptors (Figure 4.7A, leftmost
panel). Besides N2 in the aromatic moiety and O4 in the hydroxylated tail, that acted
as donors for a significant fraction of the simulation, the other heteroatoms appear to
be transiently involved in hydrogen bonds. Comparing the results from the RF ki-
nase to the ones of the RNA revealed that the occurrence of direct hydrogen bonds

with the binding pocket was comparable on average (0.42 and 0.37, respectively). A
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closer inspection showed that the number of ligand heteroatoms involved in hydro-
gen bonding was lower when bound to the FMN riboswitch (Figure 4.7A: 6 atoms in
the RNA, 8 in the protein). However, they all displayed significant occurrence, rather
balanced between donors and acceptors. Interestingly, most of these hydrogen bonds
involved the hydroxylic tail of the molecule (Figure 4.7A, right panel). While this
can be highly case specific, it can be related to the different nature of the targets. The
FMN riboswitch binding site is enriched with nucleobases, able to establish 7 — 7
interactions, and through which the ligand is able to intercalate its aromatic moiety
(Figure 4.1D). Such intercalating behavior is common in known ligands binding to
RNA targets, [51, 221] and the current space of RNA ligands is enriched with aro-
matic rings.[66, 222]

Interestingly, these interaction patterns observed in the two systems led to differ-
ential conformational preference of the ligand in the binding pockets. This behavior
can be further inspected in terms of the different values of relevant dihedral angles
explored by the ligand in the bound states (Figure 4.7B, blue and orange points for RF
kinase and FMN riboswitch, respectively) during the simulations compared to those
sampled in water (Figure 4.7B, gray points). Dihedral ¢1, which is the main determi-
nant in the orientation of the tail with respect to the flavin moiety, shows only minor
deviations, with the same dominant rotameric state displayed in all the simulations.
Conversely, dihedral ¢2 undergoes a rotameric restriction upon binding, resulting in
two almost equipopulated rotamers in the case of RF kinase and a single one in the
FMN riboswitch, thus more marked for the RNA. Finally, in the RF kinase, ¢3 and
¢4 dihedrals retain the possibility to cover the whole dihedral space even in the bound
state, indicating an overall wider conformational accessibility at the end of the tail.
This can also be appreciated observing the most populated clusters of ligand config-
urations inside the pocket (Figure 4.3C, left panel). Thus, notwithstanding the higher
degree of conformational variability of the riboflavin’s tail in the RF kinase pocket,
this did not preclude the establishment of hydrogen bonds. Differently, in the FMN
riboswitch, while ¢4 retains the possibility to cover the entire dihedral space, although
to a lower extent compared to RF kinase, the ¢3 dihedral experiences a significant ro-
tameric restriction (Figure 4.7B, rightmost panel). Thus, the internal conformational
space accessible to the ligand was more limited in the binding site of the FMN ri-

boswitch. Here, a closer inspection of the ligand interaction network in the simulations
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revealed an interaction between the O4 in the ligand tail and a M ¢** ion, mediated
by two bridging water molecules, which was transiently maintained in the simulations
(Figure B.5), narrowing down even further the conformational space accessible to the
ligand hydroxylated tail. Finally, this picture in the RNA system was compatible with
the ligand RMSD with respect to the binding pocket, showing a broad distribution but
closer to the reference (Figure 4.3B), demonstrating a semirigid rototranslational mo-
tion of the riboflavin in the FMN riboswitch binding site. Here, topological constraints
associated with different size and shape of the pockets undoubtedly play a role. The
FMN riboswitch adopts a highly complex tertiary structure, with an elaborated fold-
ing that is comparable to what can be observed in globular proteins. In this RNA,
the ligand-occupied binding site is rather deep and of relatively low volume (637 A3,
while the one in the RF kinase is more solvent-exposed and adopts on average a larger
volume (836 A®). This may be related to the biological role and functioning of the
RF kinase, where the binding pocket is a catalytic site, and substrate binding needs
to occur with high turnover. Given the above considerations, in the case of the FMN
riboswitch, it is reasonable to expect a larger penalty contribution to the binding free
energy due to a higher decrease of conformational entropy upon binding compared to
the RF kinase. At the same time, the riboflavin as a whole experiences larger fluctua-
tions in terms of conformational variability within the FMN riboswitch binding pocket
(Figure 4.3B, stdev = 0.45 A in the FMN riboswitch vs stdev = 0.25 A in the RF ki-
nase). We expect that the entropic conformational penalty can be partially or entirely
compensated by the higher residual rototranslational mobility (lower rototranslational
entropic penalty), leading to a comparable net entropic contribution to binding for the

two investigated systems.

4.2.4 Faster Exchange Rate of Water in the Bound Protein Bind-
ing Site

Water molecules are central characters in drug-target binding and can affect both
thermodynamics and kinetic aspects of this process. They play a key role in both
ligand and binding site (de)solvation, and their contribution to favor ligand binding
can be decisive in some cases. [223-225] We investigated the dynamics of the solvent

molecules both in the bound and unbound states of the two biomolecular targets. In
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particular, we monitored the survival probability (SP) of waters in the binding sites,
i.e. the amount of simulation time spent by water molecules in close proximity to the
pockets’ residues prior to being exchanged with the external buffer. The trend of the
SP function provides information about the local dynamics of water in the considered
region and allows estimating water residence time. Comparing the SP curves for the
RF kinase and FMN riboswitch systems (Figure 4.8), we can clearly distinguish two

main trends.
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Figure 4.8. Survival probability of the water molecules in the binding site region of the RF kinase and FMN ri-
boswitch systems from the MD simulations. Different colors are used for the two macromolecular systems and

to distinguish simulations in complex with riboflavin (B, bound) or without the riboflavin ligand (U, unbound).

In particular, the RF kinase in the bound state displayed the fastest time decay, in-
dicating a rapid and efficient exchange of water molecules in the binding region with
the outer solvent buffer. Interestingly, compared to its unbound state, the riboflavin-

bound RF kinase displayed a larger pocket volume on average (Figure 4.5A), which
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was also larger that the FMN riboswitch’s one. Thus, the ligand presence stabilizes
the binding pocket in conformations (see peaked distribution of the volume in Fig-
ure 4.5A) that offer a wider pocket-solvent interface for exchange of water molecules
(Figure B.6A), which may result in the observed faster decay. Conversely, the FMN
riboswitch showed a similar time decay for water SP in the bound and unbound cases,
which is consistent with the similar pocket volume observed in the two forms (Figure
4.5B). Indeed, as previously discussed, we have observed internal rearrangements of
the pocket residues in the RNA (Figure 4.4B), while maintaining the overall volume
of the binding site (Figure 4.5B). The mean residence time of the water molecules
can be estimated through fitting of the SP curves. We initially explored a single expo-
nential function, which gave acceptable results (Figure B.7A). However, when using
a double exponential, the agreement was remarkably improved in all cases (Figure
B.7B). This is indicative of complex water dynamics, in a dual lifetime regime, for
the water molecules within or in close proximity of the binding site. In particular, we

could distinguish fast (7¢,) and slow (7, ) residence times (Table 4.1).

Table 4.1. Residence times estimated through double exponential fitting of the SP function for the RF kinase
and FMN riboswitch, both in the riboflavin-bound and unbound states.

System Trast (PS)  Tstow (PS)
RF kinase U 51.0 531.8
RF kinase B 48.1 344.2
FMNriboU  56.3 582.4
FMN ribo B 55.6 469.8

The faster regime was characterized by values of Tfast of about 50 ps in all cases,
thus independent of the presence of the riboflavin ligand in the binding site. This ob-
servation suggests a rapid exchange between interfacial waters of the solvation shell
considered with the surrounding buffer. Indeed, such time scale is compatible with
residence time of mobile water molecules close to the biomolecule surface.[226] Con-
versely, the slower regime ranged approximately the 350-600 ps time scale, approach-
ing residence time values ascribed to more buried waters in protein binding sites. [226,
227] Notably, the RNA in the bound and unbound and the protein in the unbound
states displayed 74,,, around 500 ps, while the bound protein displayed around 350
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ps. This was unexpected as, intuitively, the presence of the ligand would retard water
exchanges from the binding pocket, due to possible hydrogen bonding with the ligand,
or to ligand steric hindrance reducing the mobility of other species within the cavity.
However, as already mentioned, this faster exchange rate in the slow regime, i.e. lower
Tsiow compared to the other systems, may be associated with the widest volume ex-
plored on average by the RF kinase in the presence of the ligand, that favors exchange
of water molecules with the surrounding solvent buffer. A further inspection of 7y,
revealed that the same trend can be observed between the protein and the RNA, with
larger values in the unbound systems (7, = 344.2 and 531.8 ps for the RF kinase
and Ty, = 469.8 and 582.4 ps for the FMN riboswitch, in the bound and unbound
states, respectively), although the discrepancy was lower in the RNA case. For the lat-
ter, a visual inspection of the trajectories revealed that the pocket in the unbound state
explored conformations where the access to the cavity was narrower (Figure B.6B),
partially hindering access and egress of water molecules and possibly causing the esti-
mated lower exchange rates. Such modest flexibility of the pocket is compatible with
a slightly broadened distribution of the sampled pocket volumes (Figure 4.5B) and,
in particular, with the shift to lower volume values, indicating that also in the RNA
case the presence of the ligand had a stabilizing effect on the pocket conformations.
Finally, we note that compared to the riboflavin-bound RF kinase, water molecules
in the FMN riboswitch exhibited in general higher persistency, independently from
the presence of the ligand (Figure 4.8). Therefore, we can speculate that a ligand
might display higher difficulty in displacing them, and this can have important im-
plications for ligand binding free energies and association/dissociation rate constants,

which should be taken into account in drug design endeavors.

4.2.5 Summary of Main Findings

In the following, we provide a brief summary of the major observations from each

section of our study:

* The RF kinase and FMN riboswitch maintained the global folding in the MD
simulations, with the RNA displaying higher conformational flexibility. The
presence of the ligand stabilized the overall structure, particularly in the FMN

riboswitch. Focusing on the binding site, the ligand in the RF kinase accessed
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distinct configurations, mainly rearranging the hydroxylated tail, while in the
FMN riboswitch, the variety of configurations visited, closer to the native pose,
was primarily due to semirigid roto-translation. Additionally, we observed dif-
ferent conformations for the binding pockets, particularly between the ligand-
bound and unbound states. Notably, in the FMN riboswitch, such conforma-
tional variations did not correspond to appreciable differences in pocket volume
between bound and unbound states. Interestingly, this was intuitively in contrast
with the global flexibility displayed by the RNA structure. Differently, in the RF
kinase, the presence of the ligand restricted the conformational dynamics of the
binding site. Finally, in the bound state of both protein and RNA, we observed

how different ligand configurations stabilized different pocket conformations.

The electrostatic potential on the surface of the FMN riboswitch was mainly
negative, as expected given the presence of the phosphate groups in the RNA.
Conversely, a more balanced picture was found for the electrostatic potential
of the RF kinase. Unexpectedly, particularly considering such discrepancy, we
found a similar electrostatic contribution to the binding free energy for the pro-
tein and RNA systems. Notably, we observed that this contribution was unfa-
vorable in sign for both systems, suggesting that the driving force for riboflavin

ligand binding to these two targets should be found elsewhere.

We observed different patterns of hydrogen bonding and ligand conformations
in the protein and RNA targets. Hydrogen-bonding interactions with the RF
kinase binding site were rather uniformly distributed over the whole structure
of the riboflavin ligand, with most of its heteroatoms acting as acceptors. Con-
versely, in the FMN riboswitch, hydrogen bonds were mainly formed through
the hydroxylated tail of the ligand, with heteroatoms balanced between donors
and acceptors, while the aromatic moiety was involved in stacking interactions
with the RNA target. Inspection of dihedral angle distributions of the ligand
hydroxylated tail inside the RF kinase binding site revealed how riboflavin was
able to explore a wide internal conformational space, comparable to being in the
unbound state in solution. Differently, when bound to the FMN riboswitch, the
ligand displayed semirigid roto-translational motion, and its internal conforma-

tional space was more restricted.

* The bound RF kinase displayed rapid and efficient exchange of water molecules
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between the binding site and the buffer. Conversely, the time decay for water
SP was comparable in the bound and unbound states of the FMN riboswitch.
Inspection of the mean residence times of the waters in the binding pockets
revealed two regimes. The faster one, with similar residence times of about
50 ps for all systems, was associated with rapid exchange between interfacial
waters of the solvation shell and the surrounding buffer. The slower regime, in
the 500 ps time scale, was ascribed to exchanges of more buried waters in the
binding sites. In the case of the bound RF kinase, the exchange in this slower
regime was the fastest among the four systems and was attributed to the widest

volume explored on average by the RF kinase in the presence of the ligand.

These results have been obtained by applying computational approaches that are
established to analyze MD trajectory data of protein targets and that have been less
applied, if at all, to RNA molecules. Therefore, from a pragmatic standpoint, our
work demonstrates that comparable analyses can be performed on protein and RNA
targets. Despite focusing on a limited set of systems, we have initially explored the
applicability of these methods to an RNA molecule with highly folded structure and
pharmaceutical relevance. In this sense, our study may serve as a practical guide
in the selection of suitable computational approaches that demonstrated to be able
to catch relevant features in RNA-ligand binding. In light of the relatively limited
knowledge on the topic, this may prove particularly valuable to accelerate the setup
of innovative RNA-targeted drug discovery campaigns. Additionally, we provided
further insights into RNA-ligand recognition, at the atomistic level. In this respect, the
use of MD simulations to characterize specific interaction patterns and conformational
preferences of small molecules inside RNA binding sites is of outstanding relevance in
light of optimizing ligand binding. For instance, here we found how the RNA-ligand
system was able to establish polar and noncovalent interactions as much as in the
protein—ligand system, suggesting that rational drug design frameworks can possibly
be applied also for RNA targets. Alike, we were able to explore and characterize the
pocket conformational dynamics, which may reveal peculiar conformations that can
be exploited for RNA ligand design. We believe that advancing the knowledge on
these aspects is of fundamental importance to accelerate concrete RNA-targeted drug

discovery.
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4.2.6 Limitations of the study

Some methodological limitations of the present study should be acknowledged.

* Magnesium ions were modeled using the parametrization proposed by Allnér

and Villa, which is known to reproduce slow exchange kinetics and an enhanced
affinity for phosphate groups. While this choice may partially influence confor-
mational fluctuations in the riboflavin kinase system, such fluctuations are in-
trinsically associated with the solvent exposure of the binding site. On the other
hand, in the FMN riboswitch simulations magnesium ions remained predomi-

nantly solvated and only partially coordinated to phosphate groups.

Electrostatic contributions were estimated using Poisson Boltzmann calcula-
tions, which provide an efficient continuum description of solvent mediated
electrostatics. In this framework, the computed quantity includes polarization
and ionic atmosphere contributions, whereas the total binding free energy ad-
ditionally contains nonelectrostatic terms and entropic contributions associated
with conformational and solvent degrees of freedom. As a consequence, a dif-
ference of approximately 10 kgl between electrostatic components should not
be interpreted as implying a comparable fold change in K, since partial can-
cellation with nonpolar and entropic terms is expected and systematic uncer-
tainties intrinsic to the Poisson Boltzmann approximation may affect absolute
magnitudes. These calculations are therefore used primarily to compare electro-
static trends between the two targets rather than to predict experimental affinities
quantitatively. More rigorous alchemical free energy methods could in princi-
ple offer an explicit treatment of ions and solvent, but at a substantially higher
computational cost and with demanding convergence requirements, particularly

for flexible and highly charged RNA systems

The same internal dielectric constant was applied to both proteins and RNA in
the Poisson Boltzmann calculations. Although RNA differs from proteins in
terms of chemical composition and charge density, there is currently no consen-
sus on an optimal dielectric value specific to RNA.[228, 229] The use of the
same dielectric constant across proteins and RNA therefore represents a com-

monly accepted and pragmatic approximation.[229]
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4.3 Conclusions

RNA molecules are gradually emerging as promising pharmaceutical targets,
opening the way to novel therapeutic avenues. Nevertheless, compared to more
established protein targets, the current knowledge about their interaction with small
molecule partners is still lagging behind. In an effort to provide further insight in this
respect, we compare relevant aspects for target-ligand binding in pharmaceutically
relevant protein and RNA molecules, namely the RF kinase and the FMN riboswitch.
Leveraging MD simulations and computational analyses, we focus on central issues
including the conformational dynamics of the biomolecular targets, the role of elec-
trostatic interactions, and the dynamics of ligand and water molecules in the binding
sites. First, our study demonstrated that comparable computational analyses can be
performed on the protein and RNA targets. Furthermore, by discussing similarities
and differences in the results from the two systems, we provided, to the best of
our knowledge, a first comparison of key ligand-target binding properties in protein
and RNA targets. These not only highlighted the applicability of the employed
approaches but also allowed us to make valuable observations and draw conclusions,
in a comparable way as it can be done for protein targets. Interestingly, our analyses
shed further light on the capability of the RNA-ligand system to establish polar,
noncovalent interactions to an extent comparable to ligand-binding protein targets.
We stress that the observed properties and the domain of applicability were explored
on specific test cases and may be highly system dependent. For instance, we are aware
that different RNA molecules can display different degrees of structural complexity,
and here we picked an example possessing a high level of folding with a structurally
complex and stable binding site, representing a favorable prerequisite to engage
structure-based rational drug design efforts. While this is certainly not representative
of the entire class of RNA molecules, nevertheless others of this kind may exist in
the wide realm of noncoding, functional RNAs that are increasingly being identified.
Thus, our study represents a first resource reporting on the feasibility of applying
relatively standard computational approaches in computer-aided drug design to treat
suitable RNA targets, laying the groundwork for the use of molecular simulations

toward successful RNA-targeted drug discovery.
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5 Exploring RNA Druggability
through SHAMAN

The previous chapter establishes a common analytical ground for proteins and
RNA in a specific test case. Here, we adopt a drug discovery perspective and focus on
a paradigmatic viral RNA target, the HIV-1 trans activation response (TAR) element.
TAR is a short noncoding RNA located at the 5" end of nascent viral transcripts, where
it nucleates transcriptional activation by coordinating the viral protein Tat with the host
cofactor cyclin T1 and the kinase CDKD9, the catalytic unit of P_TEFb. This assem-
bly relieves promoter proximal pausing of RNA polymerase II and promotes produc-
tive elongation. When the interaction is disrupted, transcription stalls and abortive
short RNAs accumulate, with consequent impairment of viral replication. [230, 231]
Evidence further indicates that HIV-1 integrase (IN) engages TAR at the RNA level

through its C terminal domain, with a preference for structural motifs in the apical

full-lenght transcripts é

Figure 5.1. Schematic representation of the interplay among Integrase (IN), Tat, and TAR during the early

loop and contributions from the central bulge. (Figure 5.1)

Viral DNA

phase of HIV-1 proviral transcription. After integration, Integrase binds the nascent TAR RNA and promotes
conformational rearrangements that enable Tat recognition. Tat then displaces Integrase from TAR and recruits
the catalytic P_TEFb complex, composed of cyclin T1 and CDK9, which stimulates RNA polymerase II elon-
gation and yields full length transcripts.

Biochemical and cell based studies suggest that integrase contacts can transiently
remodel the hairpin and assist early transcriptional activation by facilitating subse-
quent Tat loading, after which Tat predominates on TAR.[232] In this view, both bulge
and loop act as cooperative regulatory modules that integrate integrase assisted remod-
eling with high affinity Tat recruitment and P_TEFb engagement. [232, 233]
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Structurally, TAR adopts a stem loop architecture that features a central pyrimidine

rich bulge and an apical loop (Figure 5.2), both indispensable for transactivation.
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Figure 5.2. Structure of HIV-1 TAR. The secondary structure with residue numbering (left) and a representative
conformer (right) illustrate the stem—loop (blue), the bulge (yellow), and the lower helix (red)

These motifs provide recognition elements for Tat and accessory factors, and they
also encode conformational plasticity that couples structure and function. Upon ef-
fector binding in the major groove, the central bulge can reorganize cooperatively, the
lower and upper stems can coaxially stack. In the ligand free state, the helix is more
acutely bent, the major groove is wide and shallow.[230] Recent integrative studies
suggest the co-existence of two states. In the ground state, the loop samples a broad
distribution of open conformations in which most residues are unpaired and preorga-
nized for recognition by the Tat super elongation complex. In the excited subensem-
ble,the loop zips up into a narrower set of closed conformations that sequester key
recognition residues, consistent with a regulatory role and with measurable effects on

transactivation when this subensemble is stabilized.[234]

Despite decades of efforts, the development of clinically relevant small molecule
agents that target TAR to block its biological functions has been largely unsuccessful.

Early strategies aimed at the TAR Tat and TAR Tat T1 complexes, often based on



aminoglycosides[235] and intercalating agents,[236] lacked the required specificity

and pharmacological profiles.

In this context, advanced computational approaches provide a natural framework
to capture conformational heterogeneity and to identify elusive binding pockets. The
SHAMAN protocol (Figure 5.3), see Paragraph 3.1.4.1, was introduced to detect small
molecule binding sites in RNA ensembles by combining atomistic molecular dynam-

ics with enhanced sampling and probe based mapping. [135]

L. INPUT

Mother w/o
ligand

->
Shadows with
probes
I =
->

III. ANALYSIS

RNA clustering FE calculations g i:(l)lt;:tse:i(r)l);el
AG = ~kyTlog ) piye +
vk Site filtering

IV. OUTPUT l
SHAMAPs Clustermg of all
sites of all probes

Figure 5.3. Workflow of SHAMAN for mixed solvent mapping on RNA. Input: select the RNA target and a
panel of probe molecules, set up a mother system without ligands and multiple replica systems, each replica

carries a different probe. Production: run an unbiased and unrestrained molecular dynamics simulation of
the mother, broadcast the positions of RNA backbone atoms to the replicas that are restrained to follow the
mother like shadows, accelerate probe exploration with metadynamics. Analysis: first, cluster the sampled
RNA ensemble into representative conformations; second, for each RNA cluster and each probe, compute a
free energy map from probe occupancy; third, merge contiguous voxels into interacting sites; fourth, assign to
each site a free energy and a buriedness score and discard solvent exposed sites; fifth, within each RNA cluster,
combine the interacting sites from all probes to obtain SHAMAPs. The procedure is detailed in Paragraph
3.14.1
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In this chapter we apply SHAMAN to the HIV-1 TAR to characterize to identify
druggable sites suitable for small molecule targeting in order to prevent or distrupt
HIV-1-IN interface (Figure 5.4). We coupled SHAMAN derived sites to docking and
to machine learning based scoring and selection, and we map a chemically diverse set

to extract design implications for RNA pockets.

Two shaman runs: eRMSD

Subclusters BiteNet Selection of 5
-bound state identifications druggable structures
-unbound state &8
ChemeSFronce
~ 84k compounds
No peptide bound: Withpeptide béun:d ;
Docking RNAmigos2 Chemical Space
exploration

Figure 5.4. Schematic representation of the workflow employed in this study. The protocol begins with two
parallel SHAMAN simulations in the presence and absence of the cyclic peptide. Ensemble refinement was
performed using eERMSD to obtain more compact subclusters, which were subsequently evaluated with BiteNet
to prioritize druggable conformations. Finally, docking and complementary machine learning—based screening
were applied to select candidate molecules.

By integrating conformational sampling, probe-based mapping, and virtual screen-
ing, we seek to advance the identification of candidate inhibitors of the TAR-IN inter-

action.

5.1 Methods

5.1.1 System setup and simulation protocol

The initial coordinates were obtained from the NMR structure of the HIV-1
TAR RNA in complex with a cyclic peptide that mimics the Tat protein (PDB ID:
2KXD)[237]. Two different simulation setups were designed to investigate the role

of the peptide in modulating RNA conformational dynamics: (i) a system containing
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only the RNA and (ii) a system including both the RNA and the peptide within the

simulation box.

All molecular dynamics simulations were performed with GROMACS v.2021.5
patched with a development version of PLUMED.[137-139] The AMBER force field
was employed to describe both the RNA and the cyclic peptide. In particular, the xor3
correction was used for RNA,[195] while the ff99SB parametrization was adopted for
the peptide [238] and Joung and Cheatham parameters were adopted for the ions.[239]
Parameters for the probe were derived using SAGE.[240] Simulation boxes were con-
structed in triclinic geometry and solvated with explicit OPC waters,[191] ensuring
that each edge of the box extended by at least 10 Afrom the closest RNA atom. Potas-
sium and chloride ions were added to reproduce a bulk concentration of 0.15 M and
to maintain charge neutrality of the systems. Long-range electrostatics were treated
with the smooth particle mesh Ewald (PME) method, using a cutoff of 9 A. van der
Waals interactions were gradually switched off at 8 A and fully truncated at 9 A. The
equations of motion were propagated with the leap-frog algorithm using a time step
of 2 fs.

Each system underwent a multi-stage equilibration protocol prior to production.
Energy minimization was first performed using the steepest descent algorithm. Sub-
sequently, the systems were equilibrated for 10 ns in the NPT ensemble at 1 atm using
the C-rescale barostat,[204] followed by an additional 10 ns in the NVT ensemble
at 300 K using the V-rescale thermostat.[241] During both equilibration phases, har-
monic positional restraints with a force constant of 400 kJ mol~! nm~2 were applied

to the RNA backbone and probe heavy atoms.

Production simulations were carried out for 3 us per replica. To ensure consis-
tency in the conformational space across replicas, the positions of the RNA backbone
atoms from the mother system were communicated every 0.2 ps, and the correspond-
ing atoms in each replica were restrained by an upper-wall harmonic potential with a

2 allowing a maximum RMSD deviation of 2A

force constant of 10000 kJ mol~* nm~
from the reference configuration. To enhance sampling of probe—RNA interactions,
a well-tempered metadynamics bias was applied to the three Cartesian coordinates of
the probe center of mass after alignment of the RNA backbone to the initial reference

conformation. A bias factor of 10 was employed, with Gaussians of initial height
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1.2 kJ mol~! and width 0.1 nm deposited every 1 ps. Finally, to prevent detachment
of the probe from the RNA surface, the probe center of mass was confined within
10 nm of the closest RNA atom using an additional upper-wall harmonic restraint of
10000 kJ mol~! nm~2,

5.1.1.1 Occupancy analysis and representative selection

For each representative cluster of RNA conformations explored by SHAMAN, we
(1) identified the regions with high probe occupancys; (ii) defined a set of potential in-
teracting sites for each probe; (iii) clustered together the sites found by all probes to
create the final SHAMAPs. We first concatenated all the trajectories of the mother
and replica simulations, after removal of probes, water and ions, and fixed the dis-
continuities due to the periodic boundary conditions. We then clustered all the RNA
conformations with the gromos implentation of Daura et Al.[151] using as metrics the
RMSD calculated on the RNA backbone atoms with a cutoff of 3 A. To reduce mem-
ory requirements, the clustering was first performed on a subset of frames (1 every
10) and then the excluded frames were assigned to the closest cluster using a python
script based on the MDAnalysis library v. 2.2.0.[242] The cluster center was taken as
the representative structure for each state. The cluster populations were calculated in-
dependently for the mother and each replica simulation and clusters populated <10%

were discarded in the following analysis.

5.1.2 Virtual screening database preparation

A 3D molecular database was constructed using the Schrodinger Suite (Schrodinger
Release 2023-2), starting from 2D structures obtained from the Chimiothéque Na-
tionale (ChemBioFrance, https://chembiofrance.cn.cnrs.fr/). The 2D structures were
converted into 3D representations, and stereoisomers were generated using LigPrep
(Schrodinger Release 2023-2: LigPrep, Schrodinger, LLC, New York, NY, 2023).
All possible ionization states at physiological pH (7 + 1), together with relevant tau-
tomeric forms, were generated using Epik.[243] To control for possible liabilities in
the pharmaceutical profile of the database, compounds containing PAINS (Pan-Assay
Interference Compounds) were flagged, and molecules containing metal ions were

excluded from further analysis.
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5.1 Methods

5.1.3 Structure preparation and virtual screening

Virtual screenings were conducted using Maestro Schrodinger version 2023-2.
The selected RNA structures were prepared using the Protein Preparation Wizard
(Schrodinger, LLC, New York, NY, 2023). For each representative structure, grids
were generated using inner and outer boxes of 10 A and 30 A, respectively. These
grids were centered on the geometric center of the identified binding sites, as iden-
tified by BiteNet,[76] ensuring comprehensive coverage and sufficient flexibility for

ligand sampling during docking.

A hierarchical docking workflow was employed to efficiently screen and refine
potential binders.[244] The process began with an initial screening using the High
Throughput Virtual Screening (HTVS) scoring function as implemented in Glide to
evaluate the entire database.[146, 168, 245] Top-ranking compounds were selected
for further analysis and re-docked using the Extra Precision (XP) scoring function
available in Glide, allowing for a more accurate consideration of solvation effects and
structure—ligand interactions.[146, 168, 245] A final visual inspection was performed
to assess binding-site compatibility and binding-mode consistency, with particular at-

tention to the placement of key chemical functional groups.

In parallel with this workflow, additional molecules were identified through
machine-learning predictions with RNAmigos2[75] and by exploring the chemical
diversity space using the Canvas module implemented in the Schrédinger Suite.[186,
246]

5.1.4 Diversity-based compound selection

To generate a chemically diverse set of candidate molecules while minimizing re-
dundancy with the pre-identified set of molecules from Docking and RNAmigos2, we
performed diversity-based compound selection using Canvas module in Schrédinger
2023-2 (Schrodinger, LLC, New York, NY, 2023).

Molecular fingerprints were computed for all compounds using the Mol-
Print2D.[247] Fingerprints were stored with 64-bit precision to reduces bit-index
collision. MolPrint2D encodes each molecule as a collection of atom-centered en-

vironments, where each heavy atom serves as a reference and all neighboring atoms
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up to a defined topological depth (D = 2) are enumerated. Each environment is
described by the combination of atom type, bond order, and topological distance,
producing a non-hashed representation that preserves chemically meaningful features.
This fingerprinting scheme captures local connectivity patterns and functional-group

arrangements, allowing robust comparison across chemically diverse scaffolds.

Pairwise molecular similarity was quantified through the Tanimoto coefficient (7),
defined as:

c
S — 5.1

T4 +b—c -1

where a and b are the number of bits set to one in fingerprints A and B, respec-

tively, and c is the number of shared features between them. The resulting coefficient

ranges from 0 (no shared environments) to 1 (identical fingerprints). Similarity matri-

ces based on these coefficients were used to guide compound selection and clustering.

Compound selection was then performed using the Sphere diversity-selection al-
gorithm implemented in Canvas. This algorithm operates directly in the molecular fin-
gerprint space and iteratively selects compounds that maximize pairwise dissimilarity
according to the Tanimoto distance (d = 1 — 7). Starting from the pre-existing library
the algorithm defines an exclusion sphere of radius 7 around each selected compound.
All molecules within this exclusion radius are removed from further consideration,
ensuring that the final selection is composed of mutually dissimilar compounds. The
iterative process continues until either the target number of molecules is reached or

the chemical space is fully covered.

5.1.5 Scaffold and Chemical Space Network Analyses

To characterize the structural composition and internal diversity of the selected
compound set, we performed a two-step analysis combining scaffold decomposition

and network-based representation of the chemical space.

Scaffold networks were constructed with RDKit.[248, 249] Prior to analysis, input
structures underwent a standardized preprocessing workflow to minimize representa-

tion—dependent artifacts:
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* retention of the largest fragment;

* normalization of formal charges;

¢ canonicalization of tautomeric states;
» removal of explicit hydrogens;

* perception of aromaticity.

From each standardized molecule, the Bemis—Murcko (BM) framework was com-
puted by excising all side chains and retaining only ring systems and the linker atoms
connecting them.[249] An RDK:it scaffold network was then generated from the BM
set via iterative ring—removal and ring—retention operations, allowing each compound
to contribute multiple parent—child nodes along the resulting hierarchy.[250] Node
identities were recorded as canonical SMILES prior to aggregation. For frequency
analysis, substructure matching ignored stereochemistry and atom—mapping informa-
tion, whereas differences in saturation pattern and heteroatom composition defined
distinct nodes. Counts therefore refer to unique nodes in the generated network and

include single—ring scaffolds (e.g., benzene) when produced by the algorithm.

To complement the scaffold-based view with a similarity-driven representation,
we constructed chemical space networks based on pairwise Tanimoto coefficients (Eq.
5.1). For each molecule, circular fingerprints were generated using the Morgan algo-
rithm (radius 2, 2048 bits). Nodes in the network correspond to individual molecules,
and edges connect pairs whose fingerprint similarity exceeds a given threshold 7.
Three thresholds were considered (7 = 0.40, 0.50, 0.60) to capture the progressive
tightening of structural relationships. Communities were identified using the greedy
modularity optimization algorithm implemented in NetworkX.[251] Node colors rep-
resent community membership, while isolated nodes correspond to compounds lack-
ing close analogues at the selected threshold. The networks were visualized interac-
tively using the Py Vis.[252]
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5.2 Results and Discussion

5.2.1 Simulations and Pocket Characterization

The final set of probes used in this project was adapted from a previous study,[135]
with the addition of a dibenzothiazine scaffold present in a known ligand (Fig-
ure 5.5).[253] The rationale was to exploit the local induced fit response elicited by
this tricyclic scaffold during the SHAMAN daughter simulations, in order to promote
enhanced rearrangements of nearby bases. This is enabled by the application of
positional restraints limited to the nucleic acid backbone at prospective binding sites,

while allowing base orientations and local conformational adjustments.
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Figure 5.5. Chemical structures of the probes considered in this work. Teal, Benzothiazole, a bicyclic aromatic

heteroaromatic system containing nitrogen and sulfur. Green, Primary ammonium , a positively charged amine.
Dark blue, Benzene, the prototypical aromatic carbocycle. Orange, Imidazole, a five-membered aromatic het-
erocycle with two nitrogen atoms. Light teal, Formamide , the simplest amide functional group. Red, Ether
group , an oxygen linker. Yellow, Dibenzothiazine , a tricyclic heteroaromatic scaffold containing nitrogen and

sulfur.

Simulations were performed for 3 ps. After the production phase, the analysis in-
dicated a stable behavior of the RNA backbone. Clustering was carried out through
the radial threshold algorithm from Daura et al.(Section 3.3.2) on the RMSD of nu-

cleotide heavy atoms. Each run was dominated by a single cluster. In the apo system,
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the first cluster accounted for 89.7% of frames, while all the others remained below
3%. In the presence of the cyclic peptide, this trend was even more pronounced, with

the first cluster covering 98.6% of the simulation.

Focusing on the hotspot mapping, both simulations revealed two relevant binding
regions, one near the apical loop, hereafter Pocket 1, and a second one adjacent to the
bulge, hereafter Pocket 2. Probe density in the unbound (apo) system showed a clear
preference for the apical loop pocket, mainly sampled by benzothiazole, formamide,
and imidazole (Figure 5.6A). The second region near the bulge displayed more diffuse
density and was visited by the same probes with an additional contribution from the
ether fragment. In the peptide-bound (holo) system, dibenzothiazine played a central
role in defining the density of both pockets, together with benzothiazole and imida-
zole. In the unbound (apo) state, Pocket 1 shows a AAG of 1.07 kJ mol~! relative to
Pocket 2. In the holo state, a similar AAG of 1.48 kJ mol~! is found, with Pocket 1

becoming the most favorable site.
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Figure 5.6. Probability maps for probe localization and pocket definition. Probe densities are encoded fol-
lowing Figure 5.5: teal, benzothiazole; green, primary ammonium; dark blue, benzene; orange, imidazole;
light teal, formamide; yellow, dibenzothiazine. (A) Apo system, probe densities highlighting two main binding
hotspot, Pocket 1 and Pocket 2. (B) Holo system, same representation, highlighting the strong contribution of
the dibenzothiazine scaffold.
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5.2.2 From Ensemble Clustering to Docking Integration

Inspection of cluster representatives revealed a critical limitation for downstream
docking. In the apo system, the representative of the dominant cluster aligned well
with the free-energy density clouds of the probes. In the holo system, however, we
observed a barrier formed by nucleobases at the entrance of the main density re-
gion, which would impede access for the searching phase in docking, even though
the pocket is thermodynamically favored. This highlights a potential limitation for
directly integrating this approach into classical drug discovery workflows. In standard
docking protocols the receptor is treated as rigid, which makes outcomes sensitive to

the orientation of side chain groups in proteins and of bases in nucleic acids.

To address this problem, we introduced two additional steps into the SHAMAN-
based workflow (Figure 5.4). First, we subclustered the dominant backbone cluster in
regions of interest, apical loop and bulge, using e-RMSD as defined by Bottaro and
co-workers,[254] and QT clustering to ensure within-cluster homogeneity.[153] With

a threshold of 0.7 A we obtained multiple subclusters with non-negligible populations.

To select the most promising subconformations, we employed BiteNet,[76] a ma-
chine learning method that voxelizes local structural and chemical features into three-
dimensional grids and evaluates the probability of ligand binding centers through a
convolutional neural network. BiteNet produced probability maps for druggable cen-
ters, which we cross-referenced with SHAMAN density to select five structures with
high scores and consistent interacting residues. From this procedure, 8 different pock-

ets, located in 5 structural representative were selected for the next steps.

A first docking screen was carried out with Glide HTVS precision. The top scoring
ten percent of molecules were retained for an additional step with Glide XP scoring
function. The XP scoring function applies more stringent geometric and energetic fil-
ters, penalizes steric clashes, and accounts in greater detail for hydrogen bonding and
hydrophobic enclosure, thereby reducing false positives and providing a more reliable
ranking of potential binders. The final set of docked candidates was filtered by visual
inspection to remove obviously strained poses and redundancies in scaffolds, given

the limited chemical diversity of the library. A total of 90 molecules were selected.

In parallel, we performed an independent selection from RNAmigos2. For each

representative conformation, we ranked compounds by model score, excluded those
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already retained from docking, and chose additional candidates from the top two hun-
dred predictions. This yielded 60 further molecules, for a combined selection of 150

compounds subjected to biological evaluation.

Finally, we completed the set of molecules by ensuring broad coverage of the
available chemical space, with a reduced number of entries in order to mitigate the
influence of scoring functions in preventing diverse scaffolds from being selected (See
Section 5.1.4). From this procedure we ultimately selected 50 additional compounds,

thereby bringing the final set of candidates to 200.

5.2.3 Analysis of the Final Set Properties

We characterized the distribution of common descriptors across the selected
molecules (Figure 5.7). Overall, the majority of compounds exhibit molecular

weights between 300 and 500 Da, consistent with typical drug-like space.
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Figure 5.7. Histogram distributions of molecular descriptors for the selected molecules. Each panel reports the
normalized density curve for a different property: molecular weight (dark blue), hydrogen bond donors (teal),
hydrogen bond acceptors (green), nitrogen atom count (yellow), topological polar surface area (TPSA; orange),
and calculated LogP (red).

The number of hydrogen bond donors is mostly below five, and the number of

hydrogen bond acceptors predominantly falls between five and ten, consistent with
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Lipinski’s rule of five. Although this rule is often regarded as outdated when ap-
plied rigidly, it remains a useful and non prescriptive heuristic to interpret the overall
composition of the library. Nitrogen atoms are commonly present, with distributions
peaking between two and four per molecule, reflecting the widespread inclusion of
heteroaromatic and heteroaliphatic scaffolds. TPSA values concentrate below 150 A2,
suggesting that most compounds are likely to maintain favorable permeability and oral
bioavailability. Finally, the LogP distribution is centered between 0 and 5, indicating a
balanced hydrophilic—hydrophobic profile. Together, these distributions confirm that
the screened library largely populates the drug-like chemical space, while still main-

taining a degree of structural diversity across key physicochemical properties.

We next built a Bemis—Murcko—derived scaffold network, in which each com-
pound can contribute multiple parent and ring—retained scaffolds. The resulting net-
work comprised a total of 1,762 distinct nodes (Figure C.1). The distribution of scaf-
fold frequencies was highly skewed, with a small number of recurrent motifs domi-

nating the library and a long tail of rarely observed cores.

The most frequent node was the benzene ring ( 175 occurrences), reflecting the
prevalence of aromatic motifs in the dataset. Other common nodes included pyridine
(51), tetrahydrofuran (46), pyridazine (45), and imidazole (45). Additional privileged

structures such as pyrrole (41), purine (33), and indole (25) were also identified.

The dominance of aromatic and heteroaromatic scaffolds was expected, due to the
possibile of interacting with the nucleobasis through m — 7 stacking. Accordingly,

these scaffold classes were prioritized during the scoring stage.

Beyond the most abundant motifs, over 1000 scaffolds were observed only once
or twice, contributing to the overall chemical diversity of the dataset. This distribution
suggested that, while the library is enriched in a limited number of recurrent privileged

structures, it also retains a considerable level of structural variety.

Thanks to results on the scaffold network analysis, which highlighted the recurrent
substructures present in the library, we extended our investigation to a chemical space
network (CNS) representation. This approach enabled us to place the identified scaf-
folds into a broader structural context, capturing not only the most frequent cores but

also their interconnections and relative positioning in chemical space. To further probe
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these relationships, we constructed chemical space networks at increasing Tanimoto
similarity thresholds (Figure C.2). At 7 = 0.40, the network already reveals the pres-
ence of a limited number of congeneric clusters, consistent with the overall chemical
diversity of the set. Increasing the threshold to 7 = 0.50 produces a finer partition-
ing, with small communities reflecting closer structural relationships. At 7 = 0.60,
only highly similar compounds remain connected, highlighting the presence of a few
true analogue series (Figure 5.8), which are particularly useful to assess how limited

structural variations may influence ligand binding.
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Figure 5.8. Chemical Space Network at Tanimoto similarity threshold 7 = 0.60. Only highly similar
molecules remain connected, forming small communities of structural analogues (colored), while the majority
of compounds appear as isolated nodes (grey), reflecting the limited presence of true congeneric series within
the selected compounds. The boxes display the common scaffolds for the most populated communities, with
box outlines matching the corresponding community colors.

The network metrics corroborate this picture (Table 5.1). As 7 increases from 0.40 to

0.60, the graphs become sparser and more fragmented (density 0.0101 — 0.0033, av-
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erage degree 2.00 — 0.65; components 121 — 162, GCC fraction 0.17 — 0.06). The
average clustering coefficient decreases (0.264 — 0.099), while the global transitivity
remains high (0.67-0.79), indicating that the few groups surviving at higher thresholds
are triad-rich but fewer in number. Degree-entropy decreases (1.74 — 1.01), consis-
tent with the disappearance of hub-like nodes and the predominance of singletons or
dimers. Modularity peaks at 7 = 0.50 () = 0.81), revealing the sharpest community
structure at intermediate sparsification; at 7 = (.60 only highly similar compounds

remain connected, delineating a handful of analogue series.

Metric 7=040 7=050 7 =0.60
Nodes 200 200 200
Edges 200 112 65
Components 121 141 162
GCC fraction 0.17 0.09 0.06
Density 0.0101 0.0056 0.0033
Average degree 2.00 1.12 0.65
Clustering (avg) 0.264 0.229 0.099
Transitivity 0.671 0.789 0.766
ASPL (GCC) 3.11 2.36 1.75
Degree entropy 1.737 1.326 1.009
Modularity 0.722 0.810 0.761

Table 5.1. Graph metrics for the chemical space networks at increasing Tanimoto thresholds. Clust.: average
clustering coefficient; Trans.: transitivity; ASPL(GCC): average shortest path length on the largest connected
component; H(deg.): degree entropy; Q: weighted modularity.

This progressive analysis supports the conclusion that the dataset contains only a

few congeneric chemotypes, with relatively limited analogue expansion.

5.3 Summary of Main Findings

* Probe driven mapping revealed two recurrent pockets on TAR, at the apical loop
and at the bulge, with three microseconds simulations showing a stable back-

bone and a highly dominant conformational cluster. In the apo system densities
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favored the apical loop, mainly for benzothiazole, formamide, and imidazole; in

the holo system dibenzothiazine contributed strongly to both pockets.

* Inspection of cluster representatives exposed a steric barrier at the entrance of a
thermodynamically favored region in the holo ensemble, which challenges di-
rect coupling to rigid receptor docking. To address this limitation we refined
the clustering procedure focusing on the apical loop and bulge, then intersected
BiteNet probability maps with SHAMAN densities. This yielded five structural
representatives and eight pockets that preserved SHAMAN supported interac-

tions while improving accessibility for docking.

* Virtual screening adopted a two stage protocol with Glide HTVS followed by
XP rescoring. Visual curation removed strained poses and scaffold redundan-
cies, leading to 90 docked candidates; an independent RNAmigos2 ranking
added 60 non overlapping compounds; a final diversity oriented completion con-
tributed 50 further entries. The integrated workflow produced a prospective set
of 200 candidates.

* Cheminformatics analyses indicated that the set populates drug like physico-
chemical space, with most molecular weights between 300 and 500 Da, donors
largely below five, acceptors predominantly between five and ten, TPSA con-
centrated below 150 A2, and LogP centered between zero and five. Scaffold de-
composition identified 1762 distinct Bemis Murcko frameworks with a marked
skew toward a few recurrent motifs, including benzene in 175 molecules and fre-
quent heteroaromatics such as pyridine, tetrahydrofuran, pyridazine, imidazole,
pyrrole, purine, and indole, consistent with expected pi pi contacts with nucle-
obases. Chemical space networks at increasing Tanimoto thresholds showed few
true analogue series at 7 = (.60, suggesting ample room for structure activity

expansion around the most promising chemotypes.

5.4 Conclusions

In this work we combined mixed solvent methods, virtual screening and chemin-
formatic strategies to characterize RNA pockets and guide ligand prioritization. The
simulations revealed stable conformational ensembles dominated by a few clusters,

while probe density highlighted recurrent pockets at the apical loop and bulge regions.



5.4 Conclusions

Integration with BiteNet and docking allowed us to refine subclusters and identify a
limited number of chemotypes, with only a few true analogue series emerging from
the chemical space network analysis. This confirms that the screened library, while

diverse, contains privileged motifs recurrently associated with RNA binding.

The selected molecules are currently undergoing biological testing. Their valida-
tion will provide a critical benchmark to assess the predictive power of the proposed
workflow. Beyond this specific case study, the methodology described here offers a
generalizable framework to explore RNA ligandability and prioritize candidates for
experimental follow-up. Future extensions may include the integration of orthogonal
experimental data to further refine ensemble weighting, and the application of this

workflow to larger compound libraries or other therapeutically relevant RNA targets.
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6 Integrative Refinement of RNA
Conformational Ensembles via the

Maximum Entropy Principle

Starting from the biological and structural insights outlined in the previous chap-
ter, we now transition from drug discovery campaigns to quantitative ensemble mod-
eling of the HIV-1 TAR. Our central aim is to find an agreement between extensive
molecular dynamics sampling with experimental observables using Maximum En-
tropy reweighting. In doing so, we seek to obtain an ensemble that is both thermo-
dynamically consistent with the simulation protocol and statistically consistent with
independent measurements, thereby bridging the gap between force field based dy-

namics and experiment driven inference.

MD simulations of small and flexible RNAs such as TAR, even when acceler-
ated by enhanced sampling, tend to generate broad and heterogeneous ensembles
that encompass both highly populated conformations and low probability states with
potential functional relevance.[23] This behavior reflects several intertwined factors.
The conformational landscape of TAR is high dimensional and rugged, with multi-
ple basins separated by barriers that may be modest in free energy yet separated by
slow collective coordinates.[234, 255] Moreover, functionally meaningful substates
can be defined by subtle variations in non canonical interactions, sugar puckers, and
backbone torsions, which are individually fast but collectively produce rare transitions

when coupled across the molecule.[234, 255, 256]

In this setting, unbiased molecular dynamics often requires extensive trajectories
and multiple independent replicas to achieve statistical convergence of observables
and to sample transitions between substates with acceptable frequency.[115, 257] En-
hanced sampling methods can mitigate these limitations by flattening selected compo-
nents of the free energy landscape or by tempering the distribution to promote barrier
recrossing, however, the finite accuracy of the force field can become more evident
in these cases.[115] For these reasons, integrating extensive sampling with experi-

mental restraints is essential to refine the prior ensemble into a posterior that remains
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faithful to the simulation protocol while agreeing with independent measurements; in
doing so, the joint use of simulations and experiments offsets their respective limita-
tions and enables accurate reconstruction of atomic-scale conformational ensembles
in solution.[88, 258, 259]

In this respect, we leverage the combination of Parallel Tempering, the Well
Tempered Ensemble, and the theoretical formalism of Maximum Entropy (see Sec-
tion 3.1.2) to enforce agreement with residual dipolar couplings while preserving the
entropy of the prior. In this case, the prior is the ensemble generated by molecular

dynamics.

We first generate an extensive ensemble for TAR using the Well Tempered Ensem-
ble (see Paragraph 3.1.2.4). We then focused on the reweighted space, with emphasis
on states that carry non negligible statistical weight. Building on the previous chapter,
we incorporate druggability assessments and examine how pocket level scores vary as
a function of the weight of each frame. Finally, we analyze available complexes of
small molecules bound to TAR to determine whether the local pocket conformations
observed in the complexes are accessible in the unbound simulations, which would
support a conformational selection component, or whether they are largely absent,

which would indicate a predominant induced fit contribution (Figure 6.1).
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Figure 6.1. General mechanism of ligand binding coupled to conformational change. The macromolecule

interconverts between a low-affinity conformation (L, orange) and a high-affinity conformation (H, green),

while the ligand is represented in blue. The kinetic constants k2%, k1E, kSS, and kocffs describe association

and dissociation along the induced fit and conformational selection pathways, respectively. The interconversion
rates between the unbound states (kr, —y, kg —1,) and between the ligand-bound states (k" _, kf7_1,) represent
the transitions between low- and high-affinity conformations in the absence and presence of the ligand.

6.1 Methods

6.1.1 System setup and simulation protocol

The initial coordinates were obtained from the NMR structure of the HIV-1
TAR RNA in complex with a cyclic peptide that mimics the Tat protein (PDB ID:
2KX5). [237] The AMBER force field was used to parametrize the RNA. In particular,
the xoL3 correction was used for RNA [195], the Joung and Cheatham parameters

for ions, [239] and the OPC water model. [191] The simulation box was a truncated
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octahedron filled with explicit water molecules, with a minimum distance of 20 A
between any RNA atom and the box boundary to allow substantial conformational
rearrangements. Potassium and chloride ions were added to neutralize the system and

to reproduce a bulk salt concentration of 0.15 M.

Long-range electrostatics were treated with the smooth particle mesh Ewald
(PME) method, using a cutoff of 9 A. van der Waals interactions were smoothly
switched off between 8 A and 9 A, consistently with the simulation protocol adopted
in the previous chapter. The equations of motion were integrated with the leap-frog

algorithm using a time step of 2 fs.

For the short parallel tempering (PT) simulations, the temperature range 300—
450 K was covered with 24 replicas, geometrically distributed. [260] Each system

was equilibrated at its target temperature following a sequential protocol.

The Parallel Tempering in the Well-Tempered Ensemble (PT-WTE) simulation
was run for a total of 700 ns using the potential energy as the only collective variable
(CV). Gaussians with a height W = 2.4 kJ mol ! and a width ¢ = 500 kJ mol ! were
deposited every 500 steps. A bias factor of 25 was applied to ensure sufficient overlap
between the energy distributions of neighboring replicas, and replica exchanges were
attempted every 100 steps (Figure 6.2). No additional restraints were applied during
the PT-WTE simulations.

All molecular dynamics simulations were performed with GROMACS v. 2023.5
patched with PLUMED 2.9. [137-139]
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Figure 6.2. Energy distributions of replicas at increasing reference temperatures (color-coded from blue to
red). Left: PT. Right: PT-WTE, both employing the same number of replicas. In standard PT, only negligible
overlap between adjacent replicas was observed, implying that a substantially larger number of replicas would
be required to ensure efficient exchanges. In contrast, the PT-WTE protocol significantly broadened the energy

distributions, thereby enhancing overlap across replicas and allowing the same temperature range to be covered

with fewer replicas.

6.1.2 Residual Dipolar Couplings (RDCs)

Residual dipolar couplings (RDCs) arise when molecules in solution experience a
partial alignment with respect to the external magnetic field, such that dipolar interac-
tions are not completely averaged out by isotropic tumbling. As a result, RDCs pro-
vide long-range orientational restraints that are highly complementary to short-range

contacts such as NOEs, and are particularly informative for RNA.

The dipolar interaction between two nuclei ¢ and j can be expressed as

Lo Yivih 3 cos? 0;; — 1
D, =—— , 6.1
! 4m 27rrf’j < 2 ©.1)

where 7; and -; are the gyromagnetic ratios of the two nuclei, r;; is their inter-
nuclear distance, and 0,; is the angle between the internuclear vector and the external
magnetic field. In isotropic solution the angular average vanishes, whereas in an align-

ment medium a residual contribution persists.[261]

In practical applications, RDCs are commonly expressed in terms of the alignment

tensor. In this case, the coupling can be written as
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where S is a scaling factor reflecting the degree of alignment, A, and A, are the
axial and rhombic components of the Saupe order tensor, and (6, ) are the polar
coordinates of the internuclear vector with respect to the alignment frame. This for-
mulation highlights how RDCs report on the average orientation of bond vectors rather

than on local distances, making them sensitive probes of global RNA architecture.

Since experimental and back-calculated RDCs may differ by an overall scaling fac-
tor related to the effective degree of alignment, the two datasets are compared through

a linear rescaling procedure, such that

<Fcalc> ~ aFexpy (63)

where « is an optimized scaling parameter obtained by linear regression.

In this work, RDCs were back-calculated from the simulated ensembles using
PALES with a global alignment setting.[262] For each dataset, the alignment scal-
ing factor was optimized against the corresponding experimental values to account for

differences in the effective degree of alignment between experiment and simulation.

6.1.3 SHAPE reactivity

Selective 2'-hydroxyl acylation analyzed by primer extension (SHAPE) provides,
at single-nucleotide resolution, an experimental proxy for local flexibility and acces-
sibility: unpaired or dynamically disordered regions display higher reactivity. In
SHAPE, 2’'-hydroxyl groups are modified by electrophilic reagents via acylation of
the ribose 2'-OH, generating reverse-transcription stops whose frequency reports the
per-nucleotide reactivity profile.[263] For back-calculation from molecular dynamics,
per-nucleotide SHAPE reactivity can be obtained by ensemble-averaging structural
descriptors.[264] In this work, we compared experimental SHAPE reactivity profiles
with an MD-derived flexibility metric based on inter-nucleotide distance fluctuations
between consecutive residues, with the per-residue value obtained by averaging the

fluctuations of the adjacent pairs (i — 1/¢ and i /i + 1).
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6.1.4 SiteMap

SiteMap evaluates potential ligand-binding sites by computing several descriptors:
the number of site points (1), the enclosure score (e), and the hydrophobic/hydrophilic
balance (p). From these, two composite indices are defined, the SiteScore and the

Dscore, which are widely used to quantify pocket quality and druggability.[265]
The SiteScore 1s calculated as

SiteScore = 0.0733 y/n + 0.6688 ¢ — 0.20 p. (6.4)

The druggability score (Dscore) has a similar form, but places more emphasis on

enclosure and penalizes hydrophilicity more strongly:

Dscore = 0.094 v/n + 0.60 e — 0.324 p. (6.5)

In the recently developed RNA-specific mode of SiteMap, the hydropho-
bic/hydrophilic balance term is explicitly included in the scoring function. This
modification reflects the more polar and solvent-exposed nature of RNA binding sites
and improves SiteMap performance in identifying true ligand-binding pockets in

nucleic acid receptors. The modified SiteScore takes the form [69]:
SiteScorezya = 0.0733 v/n + 0.6688 ¢ — 0.20p + b, (6.6)

where b is the balance term. It is important to note that the coefficients appearing in
Eq. 6.6 were obtained through an empirical parametrization guided by benchmark-
ing against experimentally validated RNA ligand binding sites, with the objective of

improving the identification and ranking of true ligand occupied pockets.

6.2 Results and Discussion

We characterized the conformational landscape of the highly flexible HIV-1 TAR
RNA, leveraging Parallel Tempering in the Well-Tempered Ensemble (PT-WTE) for
broad exploration of rugged free-energy surfaces and subsequent refinement against

solution observables (Figure 6.3). This integrative framework reconciles extensive
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sampling with experimental information, mitigating force-field bias and exposing
functionally relevant substates. In the following, we (i) quantify ensemble hetero-
geneity and its agreement with experiment, (i1) delineate the dominant conformational

substates, and (iii) evaluate druggability-relevant features emerging from the refined

ensembles.
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Figure 6.3. Schematic representation of the workflow followed in this study. The protocol begins with molecu-
lar dynamics simulations of TAR within the PT-WTE framework, proceeds through ensemble refinement using
the maximum entropy principle, and culminates with validation against independent experimental observables.

This integrative strategy aims to reconcile extensive conformational sampling with experimental accuracy.

A preliminary assessment of sampling efficiency was obtained by monitoring
structural descriptors along the 700 ns PT-WTE trajectory. We focused on the root-
mean-square deviation (RMSD), eERMSD and the radius of gyration (R,y,), which
provide complementary views of TAR’s global and local dynamics (Figure 6.4 and
Figure D.1).
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Figure 6.4. Probability density distributions of RMSD (top), eRMSD (middle), and radius of gyration Rg
(bottom) computed over the same 700 ns trajectory. Bars report normalized histograms, solid curves show
Gaussian kernel density estimates. For each metric, the distribution obtained from a 700 ns plain MD simulation

of the same system is shown in grey for comparison.

RMSD quantifies the overall deviation from a reference structure and reveals
whether the system undergoes large-scale rearrangements or stabilizes around spe-
cific conformers. In contrast, ERMSD is an RNA-aware metric that emphasizes
the geometry of base pairing and stacking, thereby increasing sensitivity to local
rearrangements within helices and loops. Finally, R,,, reports on global compactness,
distinguishing expanded conformations from compact states. RMSD values were
computed after least-squares alignment on all heavy atoms; (cRMSD) was evaluated

on the all the nucleobases; 12,y was computed over all heavy atoms.

The distributions indicate that TAR does not remain confined to a single confor-
mational basin but undergoes continuous fluctuations spanning both compact and ex-
tended geometries. The RMSD rises rapidly within the first tens of nanoseconds,
reflecting relaxation away from the initial reference structure, and subsequently oscil-
lates between 4 and 10 A, consistent with transitions among multiple substates. The
eRMSD values are broadly distributed between 0.8 and 1.5, confirming persistent lo-

cal rearrangements likely occurring in the apical loop and bulge regions, which are
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known for their intrinsic flexibility. The R,y exhibits frequent excursions between 12
and 17 A, underscoring the ability of TAR to sample both compact and extended states

within a single trajectory.

These preliminary observations confirm that the PT-WTE protocol effectively pro-
motes barrier crossing: the system does not remain trapped in local minima but ex-
plores a broad ensemble of conformations. Moreover, the observed structural variabil-
ity aligns with the view that small RNAs populate a dynamic equilibrium of intercon-

verting states rather than a single stable structure.

While the PT-WTE simulations provided extensive coverage of the conformational
space of TAR, the raw ensembles obtained from MD may not reproduce experimental
observables with quantitative accuracy, this discrepancy arises from limitations of the
force field and from finite-sampling effects. To overcome these issues and to reconcile
simulation with experiment, we refined the PT-WTE ensemble by reweighting confor-
mations against NMR residual dipolar couplings (RDCs) using the maximum entropy

principle with the formulation from Cesari et Al.[266]

6.2.1 Maximum entropy reweighting and validation

We applied MaxEnt reweighting to minimally adjust the statistical weights of
PT-WTE conformations so that ensemble-averaged observables match experimental
data within their uncertainties (See Paragraph 3.1.3). This refinement preserves en-
semble diversity and keeps the posterior distribution close to the WTE prior, thereby
mitigating overfitting. RDCs were chosen as target observables. RDCs report on av-
erage internuclear vector orientations relative to the magnetic field and thus provide
long-range constraints that are highly sensitive to inter-helical motions and relative
domain orientations. Given that TAR dynamics are dominated by such collective re-
arrangements, incorporating RDCs is expected to sharpen the distribution of inter-
helical geometries and improve the quantitative agreement between simulations and

experiment.

We next optimized the regularization strength ¢ to balance accuracy and general-
ization. To this end, we performed 10-fold cross-validation with randomized splits:
in each fold, 90% of RDCs were used to fit the MaxEnt multipliers and the remain-
ing 10% were held out to compute the root-mean-square error (RMSE) (Figure 6.5E).
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For each o, we averaged the RMSE across folds to obtain a robust estimate of pre-
dictive performance, and selected the 0 minimizing this metric. Using the selected o
(o = 7 Hz), we recalculated the weights and recomputed the RMSE over all observ-
ables. We also monitored the RMSE and the Kish effective sample size to diagnose
potential overfitting. The presence of a plateau in the proximity of the minimum,
at 0 = 7 Hz, indicates the absence of overfitting and suggests that the reweighting

procedure remains stable in this region.

As shown in Figure 6.5A, back-calculated RDCs from the raw PT-WTE ensemble
(green) deviate systematically from experiment (grey), with larger discrepancies in the
apical loop and bulge. Quantitatively, the initial agreement was modest (2 ~ 0.68,
RMSE = 8.4 Hz), motivating MaxEnt refinement. The cross-validated selection of
o yielded a posterior that improved agreement on held-out RDCs while preserving
a sizable effective sample size, indicating that the ensemble was sharpened without

collapsing onto a few frames.
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Figure 6.5. Maximum entropy reweighting of TAR ensembles against RDCs and validation with indepen-
dent data. (A) Comparison between experimental RDC values (grey) from previous NMR studies and back-
calculated RDCs from the raw WTE ensemble (green). (B) Comparison between experimental SHAPE re-
activity profiles (grey) and computed fluctuations in the mean inter-nucleotide distances between consecutive
residues (:—1/¢ and ¢/i+1). (C) Comparison between experimental RDC values (grey) from previous NMR
studies and back-calculated RDCs from reweighted back-calculated RDCs (red). (D) Comparison between ex-
perimental SHAPE reactivity profiles (grey) and computed inter-nucleotide distance fluctuations between con-
secutive residues, with the per-residue metric obtained by averaging the fluctuations of adjacent pairs (¢ — 1/
and 7/7 4 1) after reweighting(red). (E) Cross-validation scheme for the optimization of the o parameter. The
root mean square error (RMSE) obtained from 10-fold validation of the RDC dataset (violet) is plotted as a
function of o. The associated Kish size is reported in blue, whereas the RMSE computed over the full dataset
is shown in yellow. (F) Structural representation of TAR highlighting the residues included (blue) or excluded
(orange) from SHAPE-based validation(right); residues correctly reproduced by the reweighted ensemble are

shown in green, while those with the largest deviations are marked in brown(right).

After maximum-entropy reweighting, agreement improved markedly (Fig-
ure 6.5C): the correlation with experimental RDCs increased to R ~ (.97, while the
RMSE decreased to 2.8 Hz. Cross-validated test errors displayed a minimum at in-
termediate o, indicating that the selected regularization balances fitting accuracy with

preservation of ensemble diversity. Despite this good agreement, the Kish effective
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sample size remained limited (K = 74.2), implying that the posterior concentrates
weight on a relatively small subset of frames. This highlights the intrinsic difficulty
of capturing the dynamics of TAR.

While SHAPE data proved valuable for independent validation, their direct use as
target observables in MaxEnt refinement would not be straightforward. Unlike RDCs,
which are ensemble-averaged quantities that can be computed for each conformation
as functions of internuclear vectors, SHAPE reactivities are indirect measures of lo-
cal flexibility and solvent accessibility, influenced by multiple chemical and structural
factors. Consequently, a per-frame SHAPE observable s;(q) cannot be unambigu-
ously defined, preventing a rigorous inclusion in the MaxEnt functional. In principle,
one could attempt a reweighting using structural proxies correlated with SHAPE (such
as fluctuations in local stacking distances or base—pair opening), yet this would rep-
resent an approximate mapping rather than a direct refinement against experimental
data. For this reason, we used the two available SHAPE datasets to further validate

the reweighted ensemble.

As an independent validation, we compared the simulated ensemble against
SHAPE reactivity data from ex virio and transcript samples(Figure 6.5B-D, Figure
D.2), neither of which were used for fitting. In both cases, the reweighted ensemble
reproduced the experimental profiles more closely than the raw PT-WTE ensemble.
Notably, the correlation with SHAPE reactivities increased from R = 0.73 before
reweighting to R = 0.79 after reweighting in the transcripts data and a similar trend
is observed in the ex virio dataset. While the absolute increase in the correlation co-
efficient is moderate, its consistency across datasets supports an improved agreement
between simulation and experiment for observables that primarily report on local

backbone flexibility and base stacking propensities.

6.2.2 Redistribution of conformational ensembles after reweight-
ing

To characterize the conformational space sampled in our simulations, we char-

acterized structures using G-vectors, a feature set well suited to RNA because it is

sensitive to subtle rearrangements of base pairing/stacking that can nucleate or disrupt

ligandable pockets. As a reference, we collected experimental HIV-1 TAR structures
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from the PDB in the unbound (red) and ligand-bound (blue) states and projected them
onto the same reduced space. Dimensionality reduction by PCA on the G-vector rep-
resentation allows us to visualize the high-dimensional manifold in two dimensions.
The projection (Figure 6.6A right) shows that the raw PT-WTE ensemble spans a
broad range of conformations that envelop the regions populated by both unbound and
ligand-bound PDB structures, indicating that the simulation recapitulates the diversity

of the unbound RNA as well as states compatible with ligand binding.

After maximum-entropy reweighting (Figure 6.6A, left), the geometric support of
the ensemble changes little, but the probability mass is markedly redistributed. Pop-
ulations shift toward unbound-like states , including regions not sampled by available
PDB structures, while overextended conformations that were overrepresented in the
prior are down-weighted, as in the case of cluster 3 (yellow) and cluster 4 (orange).
At the same time, a few discrete microstates that overlap with ligand-bound crystallo-
graphic references gain statistical weight, suggesting a selective emphasis on experi-

mentally supported configurations without collapsing the ensemble.
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Figure 6.6. Conformational space of TAR before and after maximum entropy reweighting. (A) Two-
dimensional projection of the conformational space sampled during the PT-WTE simulation (grey points),
compared with reference PDB structures of TAR in the unbound (red) and bound (blue) states. The left panel
shows the points distribution before reweighting, while the right panel displays the same projection after apply-
ing MaxEnt reweighting. Grey contour lines trace isodensity levels from a kernel density estimate computed
with the MaxEnt weights, highlighting high probability basins and their spatial extent. Eight levels are shown
with a bandwidth adjustment of 0.65 and a density threshold of 0.02. PC1 and PC2 explain 16.72% and 11.25%
of the total variance, respectively. Representative structures of the main clusters are indicated by star markers.
(B) Representative structures of the main clusters identified in the reweighted ensemble.

Representative post-reweighting conformations reveal a spectrum of inter-helical
arrangements. Cluster 1 is compact and near-coaxial, with a modestly splayed bulge
and the apical loop folded toward the stem. Cluster 2 remains compact but exhibits
a mild inter-helical twist that extrudes the bulge and opens a narrow cleft along the
minor groove, suggesting a pocket-competent intermediate. Clusters 3 and 4 are more

extended, with the helical arms splayed and the loop projected outward, increasing
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solvent exposure but yielding a diffuse, poorly defined cavity. Cluster 5 is compact
yet asymmetric, with the loop bending toward the bulge to form transient tertiary
contacts that may stabilize a lateral microcavity or modulate access to the principal

pocket.

From a drug-discovery perspective, cluster 1 (primary) and clusters 2 and 5 (sec-
ondary) are promising targets for structure-based design, as their geometries can ac-

commodate a structured, albeit transient, pocket.

We next mapped SiteMap druggability scores onto the PCA landscape to relate ge-
ometry with pocket quality (Figure 6.7 and Figure D.3). In the PT-WTE prior, scores
span a broad range, with a dense basin of low SiteScore corresponding to overextended
conformations that lack well-defined hotspots for small-molecule recognition. Out-
side this basin, most regions exhibit medium—to—high SiteScore values, typically as-
sociated with compact or kinked inter-helical arrangements. Interestingly, after Max-
Ent reweighting, which only account for experimental observables, the probability of
low-scoring states decreases markedly, with population shifting toward medium-high
scoring basins. Nonetheless, a small subpopulation of elongated conformations per-
sists with non-negligible statistical weight. This could suggest the co-existance of

ligand accessible structure in the ensemble in equilibrium, with non-ligandable ones.
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Figure 6.7. Two dimensional projection of the conformational space sampled during the PT-WTE simulation.
Colors are mapped to SiteScore values, from blue for low scores to red for high scores. Point sizes are adjusted
according to their statistical weight. Two prototypical examples of low and high scoring regions are highlighted.
In red, the best scoring conformation within its the basin is shown, with the corresponding binding pocket in
green; in blue, the worst performing conformation.

6.2.3 Comparison with available ligand-binding pockets

Mechanisms of molecular recognition in proteins are often framed as conforma-
tional selection versus induced fit: in the former, pre-existing substates are selectively
stabilized upon binding; in the latter, binding causes rearrangements that are rare or
absent in the unbound ensemble.[267] In practice, recognition typically reflects a con-
tinuum between these limits. Although less explored for RNA targets, analogous phe-

nomena are expected given RNA’s pronounced conformational plasticity.[268-270]

Guided by this premise, we compared small-molecule-bound HIV-1 TAR struc-
tures in the PDB (Figure 6.8) and their ligand-binding pockets to those present in our
simulations. As in previous analyses, conformations were represented by G-vectors.
Pocket boundaries in PDB complexes were defined by a distance cutoff of 4.5 A be-

tween the ligand and at least one RNA heavy atom.
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2L8H

Figure 6.8. Three dimensional structures of the examined HIV-1 TAR complexes with small molecules. Lig-
ands are colored by PDB identifier, using a scheme consistent with Figures 6.10 and D.4. The corresponding
PDB code is displayed above each structure.

We first examined the region of conformational space proximal to the crystal struc-
tures, to quantify the relative populations of conformers that could convert to compa-

rable structures with minor rearrangements.

To quantify the balance between these mechanisms, we performed QT clustering
(See Paragraph 3.3.2) using the same metrics as for dimensionality reduction, and we
evaluated cluster populations as a function of increasing eERMSD from the crystallo-

graphic references and the cluster representatives (Figure 6.9).
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Figure 6.9. Population of TAR conformations within increasing eRMSD thresholds (0.8, 0.9, and 1.0) relative
to reference ligand-bound structures. The green bars correspond to the pre-reweighting ensemble, while the

yellow bars represent the reweighted ensemble.

Comparing the prior and the reweighted ensembles shows that 1QD3 [271]
remains consistently represented across all thresholds, with only minor changes
in weight. At the lowest threshold, approximately 5% of the ensemble populates
conformations whose pocket is compatible with the 1QD3 bound site. A similar
pattern holds for 1UTS [236], although populations below 0.9 are limited. At the
highest threshold, the cumulative weight for 1UTS decreases after reweighting,
indicating a redistribution away from structures compatible with that reference.
Increasing the cutoff to 0.9 brings the 1UUI [272] and 2L8H [273] references into
the ensemble, with 2L8H showing a marked increase after reweighting. At a cutoff
of 1.0, 1UUD [272] also becomes populated, whereas 1LVJ [253] remains poorly
represented, with the closest cluster lying beyond the considered range. Overall,
the analysis of the reweighted ensemble reveals that conformations compatible with
all the investigated structures, except for 1LVJ, remain represented, indicating that
these states are consistent with the experimental observables. Conversely, 1LVIJ-like
conformations are scarcely populated, suggesting a binding process dominated by

induced-fit rearrangements.

To systematize this comparison, we matched each crystallographic pocket to the
nearest cluster differing by no more than 5 kcal mol~* in free energy from the global
minimum and inspect the main differences that characterize, prevent or allow lig-
and binding. In this respect, We projected these pocket-bearing references onto the

principal-component space derived from the PT-WTE ensemble (Figure D.4). This

105



6 Integrative Refinement of RNA Conformational Ensembles via the Maximum Entropy
Principle

projection enables a direct assessment of whether experimentally observed pocket ge-
ometries lie, thereby informing the relative contributions of conformational selection
versus induced fit in TAR.

Among the six experimental cases examined, three (1QD3, 2L8H,1UUD) showed
substantial overlap between PT-WTE conformations and the ligand-bound pockets
resolved in the PDB, indicating that pocket geometries compatible with binding are

sampled even in the absence of ligands.

For 1UTS, the agreement was partial: crystallographic conformations fall in low
density regions of the simulated distribution, suggesting that the relevant pocket is
accessible but underpopulated in the unbound ensemble. By contrast, 1LVJ and 1UUI
exhibited limited overlap with the sampled space, consistent with a larger contribution

of ligand-induced stabilization and/or selection of rare substates.

An illustrative example is 1QD3 (Figure 6.10A). The nearest unbound represen-
tative falls within the same basin as the crystal structure in the pocket PCA space,
with a crystal-centroid eERMSD of 0.72. The overall geometry matches the bound
state closely, with minor deviations localized to U23-U24 at the solvent-exposed en-
trance of the groove. These observations are consistent with binding to a pre-existing

conformation followed by a small induced-fit adjustment.
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Figure 6.10. (A) Two-dimensional projection of the conformational free-energy landscape sampled around the
binding mode observed in the 1LVJ structure, shown along the first two principal components (PC1 and PC2).
Colored circles correspond to the crystallographic poses of the ligand in 1LVJ, and the purple star indicates
the centroid of the closest simulated cluster. In the center, the three-dimensional comparison between the
crystallographic binding mode and the closest simulated conformation is shown. The ligand is represented in
stick form, and HIV-1 TAR is displayed as a cartoon and stick representation. Residue numbers are indicated.
On the right, the same view and color scheme are used, but the ligand is represented as a molecular surface
to illustrate the occupied binding cavity.(B) Two-dimensional projection of the conformational free-energy
landscape sampled around the binding mode observed in the 1QD3 structure, shown along PC1 and PC2.
Colored circles correspond to the crystallographic poses of the ligand in 1QD3, and the purple star indicates
the centroid of the closest simulated cluster. In the center, the three-dimensional comparison between the
crystallographic binding mode and the closest simulated conformation is shown. The ligand is displayed in
stick representation from the front view, and HIV-1 TAR is shown as a cartoon and stick representation. On the
right, the ligand is represented as a molecular surface after a 180° rotation to highlight shape complementarity.

A similar scenario is observed for 1UUD and 1UUI (Figure D.5C and Fig-
ure D.6A). In both cases, the ligands occupy solvent-exposed regions where modest
changes in base pairing/stacking do not substantially alter the interacting surface.
The principal rearrangement involves U23: in the unbound ensemble its orientation
occludes key contacts, whereas a local reorientation is sufficient to permit proper

ligand recognition.

For 1UTS, the closest representative lies at an eERMSD 0.77 from the crys-
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tallographic structure. Here the ligand binds in the bulge, and two nucleotides,
U23 and U40, must reposition to create space and establish the correct interac-
tions(Figure D.5C). The G10-C23 base pair is preserved but slightly reorients,

enabling a m—7 contact between the purine and the indole group present in the ligand.

By contrast, 2L8H features a pocket within the apical loop, where intrinsic flex-
ibility is enhanced. In the closest unbound representative, G36 partially blocks the
cavity and must shift by ~3.5 Ato accommodate the probe. A35 is extrahelical, leav-
ing access for entry but requiring reinsertion to form 7—m stacking with the aromatic
system; similarly, G34 must transition from extrahelical to intrahelical to further stabi-
lize the complex via aromatic interactions. Moreover, we observe a broad detachment
of the nucleic backbone at the arginine contacting segment, suggesting an induced-fit

mechanism during ligand binding (Figure D.6C).

Finally, 1LVJ exemplifies an induced-fit-dominated mechanism. The ligand
wedges between the two helical arms, disrupting or reshaping several pairing and
stacking interactions. The nearest non-negligible representative is found at an eERMSD
of 1.11 from the crystal. Notably, the G26—C13 base pair is retained but its relative
orientation would clash sterically with the ligand; C24 must lose stacking with U25
and rotate to create room, while the U23-U40 base pair must be disrupted to permit
binding (Figure 6.10).

6.2.4 Summary of main findings

* The well-tempered ensemble (PT-WTE) protocol enabled extensive exploration
of the rugged conformational landscape of HIV-1 TAR, revealing a dynamic
equilibrium of interconverting substates with broad variability across global and

local metrics.

* Maximum-entropy reweighting against RDCs improved agreement with exper-
iment while preserving ensemble diversity, primarily by redistributing popula-
tions within already sampled regions and enriching substates consistent with the
data.

* Low-dimensional projections showed that sampling covers the regions spanned

by available PDB structures, both unbound and ligand-bound. Comparisons
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with known complexes support a predominant role of conformational selection

with occasional induced-fit adjustments.

* Mapping per-frame druggability scores onto the low-dimensional landscape re-
vealed a separation between highly druggable and poorly druggable regions.
Reweighting decreased the weight of low-scoring areas and maintained or en-
riched clusters with medium-to-high druggability that are most relevant for lig-

and engagement.

6.3 Conclusions

HIV-1 TAR is a challenging benchmark for integrative strategies that combine
enhanced sampling with experimental restraints. Here we show that well-tempered
ensemble (PT-WTE) sampling, followed by maximum-entropy refinement against
RDCs, reconciles broad conformational exploration with quantitative agreement to
experiment. The refined ensembles retain heterogeneity and recover bound-like sub-
states at increased populations, a prerequisite for a realistic description of molecular

recognition.

Analysis in the G-vector space and associated clustering shows that conformations
compatible with ligand binding are already accessible in the apo ensemble; reweight-
ing acts primarily by redistributing probabilities across pre-existing substates. Case-
by-case comparisons with crystallographic complexes span a continuum from confor-
mational selection-dominated scenarios (1QD3, 1UTS) to an induced-fit—~dominated
case (1LVJ), which requires larger local rearrangements in pairing and stacking. These
findings rationalize why small-molecule binding to TAR can proceed by stabilizing
rare pre-existing conformations, while some complexes demand additional ligand-

induced stabilization.

This study also highlights limitations and avenues for improvement. The effective
sample size after reweighting remains modest, reflecting the difficulty of capturing
slow collective motions and local rearrangements. Future work could leverage longer
PT-WTE replicas, additional orthogonal restraints (e.g., SAXS, NOEs), and pocket-
specific observables, refining the balance between selection and induction and priori-

tizing druggable substates for prospective screening on TAR and related RNAs. More-
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over, running simulations of comparable length from multiple crystallographic/NMR
starting structures may better characterize the dynamic landscape and reduce depen-

dence on the initial reference.

From a drug-discovery perspective, we identified pocket-competent substates not
yet exploited in design that warrant prioritization for prospective screening. In par-
ticular, compact or mildly twisted conformations represent targetable cavities for en-
semble docking and fragment growth, whereas diffuse, overextended conformations
are deprioritized. More broadly, this integrative workflow offers a general route to ex-
pose experimentally supported, pocket-competent RNA substates for structure-based

design.
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This thesis set out to advance RNA targeted small molecule discovery through
computational means, developing a computational framework that progresses from
comparative case studies to a focused application on a pharmaceutically relevant RNA.
The guiding premise is that flexible RNAs do not present a single lock and key struc-
ture; rather, they populate heterogeneous ensembles in which ligandable states are
transient and state specific, so discovery must reason on populations of substates and
on their redistribution upon binding. In Chapter 4 we addressed a simple yet reveal-
ing question: if the ligand is held fixed, how do a protein pocket and an RNA pocket
differ in what they require for recognition. Using riboflavin as the common ligand
across riboflavin kinase and the FMN riboswitch, we showed that much of the modern
protein oriented simulation toolkit transfers to suitably folded RNA sites, including
conformational analyses, electrostatics, water kinetics, and ligand dynamics. Despite
a reduced chemical alphabet, RNA pockets can sustain rich polar and noncovalent
interaction patterns and can exploit structured waters in ways that are directly analyz-
able with standard workflows. At the same time, the study highlighted domain specific
caveats, namely pronounced conformational heterogeneity, soft pocket boundaries,
and a dominant role of electrostatics in shaping effective complementarity. Impor-
tantly, these conclusions are system dependent, because the selected riboswitch repre-
sents a favorable case with a well formed site, and they therefore motivate ensemble
aware strategies for more flexible RNAs. Although the present work characterizes
a specific and well studied system, a broader and systematically curated benchmark
would enable more general inferences and the formulation of transferable principles
that translate established protein based discovery concepts to RNA and other flexible
targets, including intrinsically disordered proteins, in order to delineate shared rules
of ligand recognition for flexible biomolecular ensembles. Chapter 5 advanced an ex-
plicitly ensemble centric perspective. We introduced an exploration and prioritization
workflow that couples SHAdow Mixed solvent metadynamics with cheminformat-
ics and docking. Mixed solvent maps delineated recurrent hotspots in HIV-1 TAR,
most prominently around the apical loop and the bulge, while BiteNet refined these
maps into substate level hypotheses. Using this pipeline, we identified and selected

two hundred candidate inhibitors of the interaction between HIV-1 TAR and the viral
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integrase. Cheminformatic analysis confirmed scaffold heterogeneity, which is desir-
able at the hit identification stage in a combined virtual and experimental screening
campaign. These compounds are undergoing biological evaluation that will provide
quantitative feedback to validate the procedure and to guide, in a data driven manner,
the further development of new inhibitors. In the first stage of the project we delib-
erately restricted the analysis to a specific molecular library. At the same time, many
commercial vendors now provide RNA focused libraries, which makes it feasible to
broaden the prospective screen and to uncover additional chemotypes and alternative
binding hypotheses across diverse RNA topologies. As experimental results become
available, the campaign can transition to a more strongly data driven strategy in which
assay readouts refine hypotheses, retrain prioritization models, and iteratively enrich
for active series. In Chapter 6 we addressed a central bottleneck, namely the con-
struction of an experimentally compliant ensemble for HIV-1 TAR that is suitable
for design. Parallel Tempering in the Well Tempered Ensemble afforded broad ex-
ploration, yet the unrefined molecular dynamics ensemble did not reproduce solution
data quantitatively. Maximum Entropy reweighting against residual dipolar couplings
reconciled simulation with experiment, reducing the root mean square error from 8.4
to 2.8 Hz while preserving the essential structural heterogeneity of this small RNA.
Independent validation with SHAPE profiles supported improved prediction of lo-
cal flexibility. Pocket level comparisons to Protein Data Bank complexes revealed a
continuum from selection dominated cases to induced fit dominated binding, ratio-
nalizing why certain ligands stabilize rare pre existing conformations whereas others
require additional local rearrangements in pairing and stacking. Three broader insights
emerge across projects. First, ensemble awareness is not an optional garnish for RNA
design, it is the organizing principle. Whether contrasting protein and RNA targets,
mapping hotspots, or integrating experimental data, the relevant units of inference are
substates and their populations rather than a single average structure. Second, Maxi-
mum Entropy reweighting provides a practical bridge between physics based sampling
and solution measurements, it improves quantitative agreement, sharpens inter helical
geometry, and remains interpretable for medicinal chemistry decision making. Third,
pocket quality depends on the substate, with clear separations between compact or
mildly twisted basins that score highly and diffuse overextended regions that do not.

Since druggability predictors are assumption laden, orthogonal validation with com-
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plementary tools, together with expert judgment, is essential. These caveats do not
undercut the conclusions; rather, they indicate where to invest effort in the next steps
of the research. Taken together, these results advance a reproducible and data in-
tegrated strategy for discovery on RNA. By turning RNA conformational plasticity
from an obstacle into an organizing principle, the framework developed here provides

a general foundation for rational, structure based design on flexible RNA targets.
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Workflow of SHAMAN for mixed solvent mapping on RNA. Input:
select the RNA target and a panel of probe molecules, set up a mother
system without ligands and multiple replica systems, each replica car-
ries a different probe. Production: run an unbiased and unrestrained
molecular dynamics simulation of the mother, broadcast the positions
of RNA backbone atoms to the replicas that are restrained to follow the
mother like shadows, accelerate probe exploration with metadynam-
ics. Analysis: first, cluster the sampled RNA ensemble into represen-
tative conformations; second, for each RNA cluster and each probe,
compute a free energy map from probe occupancy; third, merge con-
tiguous voxels into interacting sites; fourth, assign to each site a free
energy and a buriedness score and discard solvent exposed sites; fifth,

within each RNA cluster, combine the interacting sites from all probes

to obtain SHAMAPs. The procedure is detailed in Paragraph 3.1.4.1 .

Schematic representation of the workflow employed in this study.
The protocol begins with two parallel SHAMAN simulations in the
presence and absence of the cyclic peptide. Ensemble refinement
was performed using eERMSD to obtain more compact subclusters,
which were subsequently evaluated with BiteNet to prioritize drug-
gable conformations. Finally, docking and complementary machine
learning—based screening were applied to select candidate molecules.
Chemical structures of the probes considered in this work. Teal, Ben-
zothiazole, a bicyclic aromatic heteroaromatic system containing ni-
trogen and sulfur. Green, Primary ammonium , a positively charged
amine. Dark blue, Benzene, the prototypical aromatic carbocycle. Or-
ange, Imidazole, a five-membered aromatic heterocycle with two ni-
trogen atoms. Light teal, Formamide , the simplest amide functional
group. Red, Ether group , an oxygen linker. Yellow, Dibenzothiazine

, a tricyclic heteroaromatic scaffold containing nitrogen and sulfur.
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Probability maps for probe localization and pocket definition. Probe
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Chemical Space Network at Tanimoto similarity threshold 7 = 0.60.
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pounds appear as isolated nodes (grey), reflecting the limited presence
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with box outlines matching the corresponding community colors. . . .

General mechanism of ligand binding coupled to conformational
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LE .CS
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interconversion rates between the unbound states (k_y, ky_r,) and
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and presence of the ligand. . . . . . . . ... ... 0oL

82

89

137



LIST OF FIGURES

138

6.2

6.3

6.4

Energy distributions of replicas at increasing reference temperatures
(color-coded from blue to red). Left: PT. Right: PT-WTE, both em-
ploying the same number of replicas. In standard PT, only negligi-
ble overlap between adjacent replicas was observed, implying that a
substantially larger number of replicas would be required to ensure
efficient exchanges. In contrast, the PT-WTE protocol significantly
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Schematic representation of the workflow followed in this study. The
protocol begins with molecular dynamics simulations of TAR within
the PT-WTE framework, proceeds through ensemble refinement us-
ing the maximum entropy principle, and culminates with validation
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egy aims to reconcile extensive conformational sampling with experi-
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Maximum entropy reweighting of TAR ensembles against RDCs and
validation with independent data. (A) Comparison between exper-
imental RDC values (grey) from previous NMR studies and back-
calculated RDCs from the raw WTE ensemble (green). (B) Com-
parison between experimental SHAPE reactivity profiles (grey) and
computed fluctuations in the mean inter-nucleotide distances between
consecutive residues (i—1/i and ¢ /i+1). (C) Comparison between ex-
perimental RDC values (grey) from previous NMR studies and back-
calculated RDCs from reweighted back-calculated RDCs (red). (D)
Comparison between experimental SHAPE reactivity profiles (grey)
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ing(red). (E) Cross-validation scheme for the optimization of the o
parameter. The root mean square error (RMSE) obtained from 10-fold
validation of the RDC dataset (violet) is plotted as a function of 0. The
associated Kish size is reported in blue, whereas the RMSE computed
over the full dataset is shown in yellow. (F) Structural representation
of TAR highlighting the residues included (blue) or excluded (orange)
from SHAPE-based validation(right); residues correctly reproduced
by the reweighted ensemble are shown in green, while those with the

largest deviations are marked in brown(right). . . . . . ... ... ..
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Conformational space of TAR before and after maximum entropy
reweighting. (A) Two-dimensional projection of the conformational
space sampled during the PT-WTE simulation (grey points), com-
pared with reference PDB structures of TAR in the unbound (red)
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landscape sampled around the binding mode observed in the 1LVJ
structure, shown along the first two principal components (PC1 and
PC2). Colored circles correspond to the crystallographic poses of the
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Root mean square fluctuation (RMSF) of the biomolecular targets,
namely the RF kinase (left column) and the FMN riboswitch (right
column). In A), the RMSF for the bound and unbound states are com-
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The RMSD was calculated aligning and calculating on the most stable

heavy atom in each residue that showed a RMSF values smaller than 2. 153
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A Theorical Background

Table A.1. Main classes of RNA force fields and their major variants

Year FF name Composition Main features
Amber
1995 £f94[90] 94
1999 {f98[91] ff94 + P + x Improves pucker and twist, com-
parable to ff94
2000 ff99[89] ffo8 + P Improves pucker, small changes
2007 parmbsc0[92] 99 + aybsco Avoids nonnative «/~ conforma-

2011 ff99bscOxor3[195]

2010 Amber99+[93]

2012 Amber99TOR[95]

2017 Aytenfisu, Spa-
sic, Stern, Math-
ews[274]

2013 Chen, Garcia[275]

2018 Tan, Piana,
Shaw[103]

Dirks,

2022 gHBfix21[98]

ff99 + aybsco + XoL3
99 + XYIL

ff99 + xyw + Beev +

OYbscO

199 + aﬁ e QMathews

ff99 + VdWCC + XGC

ff99bscOXOL3  + Vg

vdWghaw + electrostaticsspaw

ff99bscOxor3 + HbFix

tions but penalises native 7y ones
Prevents high-anti g shifts, state of
the art force field for Amber
Reduces ladder like structures and
the A form inclination

Improves the description of cyti-
dine and uridine in solution, per-
forms suboptimally for canonical
RNA

Performs well for tetraloops, re-
duces intercalation events
Reduces stacking, but oversta-
bilises hydrogen bond interactions
between bases

Focused on non bonded interac-
tions, the conformational ensem-
bles closely reproduce experimen-
tal ones

Improves hydrogen bond interac-

tions, stabilises native structures

Continued on next page
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A Theorical Background

Table A.1 — Continued from previous page

Year FF name

Composition

Main features

2022 ff990L3_CMAP1[99] f99bscOxor3 + ¢/cmap

2023 NBfixoppp[100]

2024 HR [101]

ff99bSCOXOL3 + NBﬁXOBPh

ff99bSCOXOL3 + HR

Decreases population of incorrect
structures, improves stability of
tetranucleotides

Tunes base—phosphate
H6/HS. - - O5  contacts, sta-
bilising native anti states and
limiting unfolding

Weakens CH- - - O repulsion, im-
proving hydrogen bonding and
loop stability

CHARMM

1995 CHARMM22[104]
2000 CHARMM27[105]

2011 CHARMM36[106]

CHARMM22
CHARMM?27

CHARMM?27 + 2/ OH dihe-
dral

Significant improvements over
CHARMM?22, known issues with
pair opening

Partial stabilisation of the struc-
ture, state of the art force field for
CHARMM

OPLS

1991 OPLS-AA[276]
2019 OPLS-AA/M[277]

OPLS-AA
OPLS-AA + ayx +P

Reduces intercalation events and
is well suited to describing non

canonical motifs
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B Similarities and Differences in

Ligand Binding to Protein and RNA
Targets: The Case of Riboflavin
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FMN Riboswitch
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Figure B.1. Timeseries and distribution of the RMSD of the biomolecular targets. The RMSD was calculated

aligning and calculating on all the heavy atoms of the structures.
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B Similarities and Differences in Ligand Binding to Protein and RNA Targets: The Case
of Riboflavin
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Figure B.2. Root mean square fluctuation (RMSF) of the biomolecular targets, namely the RF kinase (left
column) and the FMN riboswitch (right column). In A), the RMSF for the bound and unbound states are
computed using the Coc and P atoms for the protein and RNA, respectively, with dashed vertical lines indicating
the pocket residues. In B), we compare different features for computing the RMSF, including the center of mass

(COM) of entire residues for both systems, the Co for the protein, and the N1 or N9 (for pyrimdine or purine)

of the nucleobase for the RNA. Being this metric less standard for RNAs, we compared the effect of using

atoms from different regions of the nucleotide; interestingly, the plot shows how, for the RNA, fluctuations are

more enhanced in the backbone (P atoms) than in the nucleobase (N1/N9 atoms), opposite to what is usually

expected for proteins, where the backbone is typically more stable.
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Figure B.3. Timeseries and distribution of the RMSD of the Riboflavin in complex with the RF kinase on the
left and the FMN riboswitch on the right. The RMSD was calculated aligning and calculating on the most
stable heavy atom in each residue that showed a RMSF values smaller than 2.
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Figure B.4. PCA spaces generated by initiating from minimum distances within the protein (on the left) and
RNA molecule (on the right). The scatter plot displays the different systems using the same color code used

for the figures in the main text.
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B Similarities and Differences in Ligand Binding to Protein and RNA Targets: The Case
of Riboflavin
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Figure B.5. A) Timeseries and distributions of the distance between the riboflavin O4 oxygen atoms and the
Mg2+ ion in the three replicates of MD simulations of the ligand-bound FMN riboswitch. B) Snapshots with
04-Mg2+ distance value closest to their average in replicates 1 and 2 (blue and orange distributions in the
above panel A)). The O4-Mg2+ distance is highlighted with blue dashed lines, while interactions, particularly
those involving bridging water molecules, are shown in orange.
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Figure B.6. View of the main entrance to the A) RF kinase and B) FMN riboswitch binding site. For each
system, the three panels show the target conformation in presence (leftmost panel) and absence (central panel)
of the riboflavin ligand, and an overlap of these two states (rightmost panel). The protein and RNA surfaces, as
long as the ligand, follow the same color code used in the main text. The snapshots for the bound and unbound

states of each system are MD trajectory frames with pocket volume closest to the average value observed in the
MD simulations.
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B Similarities and Differences in Ligand Binding to Protein and RNA Targets: The Case

of Riboflavin
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Figure B.7. Fitting of the SP data with A) single exponential and B) double exponential functions.

B.1 Calculation of sequence identity and similarity be-

tween human and bacterial RF Kkinase

Identities and similarities in the human and bacterial sequences of the RF kinases
were computed through the Multiple Sequence Viewer Panel of the Schrodinger suite,
using the FASTA sequences taken from the 1nb9 and 5a89 PDBs. Using default pa-
rameters and optimal alignment over the whole sequence, we obtained the follow-
ing values (%): Identity: whole sequence=37, binding site=49 Similarity: whole se-

quence=61, binding site=74

0 20 30 4 50 0

sa89 A H FYVTIGPVVRGAGRGGKELGEFPTANQVYFHDTUVA LPAD GVYAGWLT | LPTEAPVSG
es A RHLPYFCRGQVVROGFGRGSKAQ.L I P T AN FPEQVVDNLPADISTOGIYYGWAS SV G 5 6

no

Figure B.8. Aligned sequences of the bacterial (top) and human (bottom) sequences of the RF kinase.
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Figure C.1. Most frequent Bemis—Murcko scaffolds identified in the selected compounds. Each structure is
reported together with the number of molecules in which the scaffold occurs, highlighting the prevalence of

aromatic and heteroaromatic motifs across the dataset.
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=0.4

Figure C.2. Chemical Space Networks constructed at increasing Tanimoto similarity thresholds (7 = 0.40,
0.50, and 0.60). At lower threshold (7 = 0.40) the network reveals the presence of a limited number of con-
generic clusters, while higher thresholds progressively fragment the graph into smaller communities, reflecting
increasingly stringent structural similarity. At 7 = 0.60, only highly similar compounds remain connected,

corresponding to true analogue series.
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D Integrative Refinement of RNA
Conformational Ensembles via the

Maximum Entropy Principle

| | | | | | | |
0 100 200 300 400 500 600 700

Time (ns)

Figure D.1. Time evolution of RMSD (top), eRMSD (middle), and radius of gyration Rg (bottom) during the
700 ns well tempered metadynamics simulation of HIV-1 TAR RNA. The series display marked fluctuations
in Rg and in eRMSD, consistent with dynamic rearrangements of helical arms and loop regions across the

trajectory.
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Principle
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Figure D.2. Comparison between experimental SHAPE reactivity profiles (grey) and computed fluctuations
in the mean inter-nucleotide distances between consecutive residues (:—1/7 and 7/i+1) calculated on the ex
virio dataset. Pre-reweighting data are shown in green, and reweighted data in red.
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Figure D.3. Two dimensional projection of the conformational space sampled during the PT-WTE simulation.
Colors indicate SiteScore values, with blue corresponding to low values and red corresponding to high values.
On the right, point sizes are proportional to the statistical weight of each conformation. On the left, point sizes

are constant because all weights are equal.
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Figure D.4. Two-dimensional projection of the conformational free-energy landscape of TAR binding pock-
ets. Free-energy surfaces were computed for pocket conformations sampled during the PT-WTE simulations
along the first two principal components (PC1 and PC2). Colors indicate the relative free-energy values, from
low-energy (dark blue) to high-energy (light blue) regions. Experimentally determined ligand-bound pocket
conformations are overlaid as colored dots, with colors corresponding to the respective PDB identifiers. Purple
stars indicate the centroids of the simulated clusters closest to each experimental conformation.
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Principle

Figure D.5. Three dimensional comparison between the closest ensemble representative and the corresponding
crystal structures. Crystal models are colored by PDB identifier. For each pocket, the left panel shows the ligand

as a molecular surface to assess steric clashes and shape complementarity; the right panel shows the ligand in
sticks to highlight atomic contacts. A, 1LVJ pocket; B, 1QD3 pocket; C, 1UTS pocket. Residue labels follow
the original PDB numbering.
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Figure D.6. Three dimensional comparison between the closest ensemble representative and the corresponding

crystal structures. Crystal models are colored by PDB identifier. For each pocket, the left panel shows the ligand
as a molecular surface to assess steric clashes and shape complementarity; the right panel shows the ligand in
sticks to highlight atomic contacts. A, 1UUD pocket; B, 1UUI pocket; C, 2L8H pocket. Residue labels follow
the original PDB numbering.
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E Data availability

In line with the principles of Open Data and Open Science, all primary data and
computational material generated during this doctoral work are or will be made freely
available through Zenodo and GitHub. For the first project, we have deposited the
initial coordinates, topologies, and GROMACS mdp parameter files, together with a
strided version of the molecular dynamics trajectories that we generated, and the clus-
ter centroids derived from the analysis. A Jupyter notebook is provided to reproduce
all analyses and numerical results. These resources are available on Zenodo under
the accession number 10.5281/zenodo.10797206, and the analysis code can be di-
rectly consulted and downloaded from the CompMedChemLab repository on GitHub
at github.com/CompMedChemLab/project_riboflavin. The other two chapters
describe projects that have only recently reached completion. For this reason, the cor-
responding input data and analysis workflows are not yet publicly accessible, since the
related manuscripts are in preparation. After publication, these materials will be re-
leased on Zenodo and GitHub following the same policy described above. Input files
for enhanced sampling and reweighting, including PLUMED input files, will also be
deposited on PLUMED Nest.[278]
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